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Editorial on the Research Topic 


Exploring the breast tumor microenvironment: Association to metastasis, novel risk factors and novel treatments and immunotherapies


This Research Topic is dedicated to collating the latest information of biological factors associated with the tumor microenvironment and novel anti-cancer therapies The role of the immune system in the eradication of cancers has been investigated for several decades with controversial findings. Researchers studying the tumor microenvironment have uncovered several pathways that up- or downregulate immune cell activity. Research into those pathways has already led to a new class of immuno-oncology treatments known as checkpoint inhibitors, which disrupt immunosuppression and restore T cell activity. There is some controversy in the field, that resulted from a poor understanding of the underlying mechanisms that govern responsiveness. Hence, significant advances have been made concerning regulating the host immune response against cancer, and several immuno-therapeutics have been recently introduced and used clinically. Various studies have examined potential underlying mechanisms involved in resistance and identified various gene products that play pivotal roles in maintaining the resistant phenotype of the cancer cells to cell-mediated immunotherapy. In general, the special issue compiles a series of articles that evaluate different genes and proteins by bioinformatic techniques and novel genomic tools in order to have more effective prognostic tools, but also, once the disease is present, to better understand the resistance mechanisms in the microenvironment.

The scope of this Research Topic will be to provide updated information to scientists and clinicians that is valuable in their quest to gather information, carry out new investigations, and develop novel immuno-sensitizing agents that are both more potent and might be active, whereby the existing ones were not active. This research topic will provide basic and clinical evidence. based on molecular interactions and clinical studies to address the tumor microenvironment, its role on metastasis, novel risk factors and risk and benefits of novel cancer immunotherapy. To present the results of new immunotherapy trials, discussing the state-of-the-art in breast cancer (BC), including targeted therapies approved by the FDA, along with treatments with clinical potential used in basic studies

Wang et al. investigated The Miller– Payne (MP) grading system as a way to evaluate the pathological responses to neoadjunvant chemotherapy (NAC). The Miller-Payne (MP) grading system is currently the most commonly used pathology evaluation system in China, but it estimates only the reduction in primary tumor cellularity after treatment. Miller-Payne system has 5 grades: grade 5 is a pathological complete response in breast; grades 1–4 are partial pathological response according to tumor reduction ratio, from G4 to G1, the degree of tumor reduction gradually decreases. The 70- gene signature was used to classify the prognosis signatures. Their study showed that analysis of MP grades combined with the 70-gene signature with residual NAC-resistant breast samples significantly correlates with disease free survival (DFS). Another article that postulated genetic tools as predictors in BC was Tumor-Derived Exosomal Non-Coding RNAs by Yi et al. Exosomes are key mediators of several processes in cancer that mediate tumor progression and metastasis. These nano-vesicles, when secreted from cancer cells, are enriched in non-coding RNAs (e.g. microRNAs) complexed with the RNA-Induced Silencing Complex (RISC), that mediate an efficient and rapid silencing of mRNAs at the recipient cell, reprogramming their transcriptome. MicroRNAs in circulation encapsulated in exosomes are protected from degradation by a lipid bilayer and might serve as potential non-invasive diagnostic and screening tools to detect early stage cancer, to facilitate treatment options and possible help in curative surgical therapy decisions. The authors try out to elucidate the recent existing research on the functions and mechanisms of tumor-derived exosomal miRNA, lncRNA, circRNA in BC especially in cell proliferation, metastasis, immunoregulation, and drug resistance. In line with that, the special volume also contains other articles involving the identification of N6-Methyladenosine-Related long noncoding RNAs (LncRNAs) for Predicting Overall Survival and Clustering of a Potentially Novel Molecular Subtype of Breast Cancer.N6-methyladenosine modification (m6A) is the most abundant and prevalent RNA modification present in eukaryotic cells and contains three categories of m6A methyltransferases: writer, reader, and eraser. Zhonget al. aimed to identify a signature comprising N6-methyladenosine (m6A)-LncRNAs and molecular subtypes associated with BC. The authors stated that the m6A-LPS and the potentially novel genotype may provide a theoretical basis for further study of the molecular mechanism of BC and may provide novel insights into precision medicine. Furthermore, in the manuscript of Li et al. the authors discovered that based on the co-expression network for bone metastasis of BRCA, they screened key enhancer RNAs (eRNAs) to explore a prognostic model in predicting the bone metastasis by bioinformatics analysis. Enhancers are classically defined as RNA sequences that regulate the gene expression networks underlying distinct cellular identities and cellular responses to environmental cues. Thus, they identified the potential regulatory signaling pathway of SLIT2 in BRCA bone metastasis, which provides a promising therapeutic strategy for the metastasis of this disease On the other hand, Yi et al. identify genes related to the Tumor microenvironment (TME) and prognosis of triple-negative breast cancer (TNBC). A protein-protein interaction (PPI) network was constructed, and a functional enrichment analysis conducted. Their results were verified using Gene Expression Omnibus (GEO) datasets and immunohistochemistry of TNBC patients. CCR5 and CCR2 are structurally related chemokine receptors whose genes share significant sequence homology, probably arising from a gene duplication event. CCR5 is expressed on a broad range of cells, while CCR2 expression is relatively restricted to immune cell types, as monocytes, NK and T lymphocytes, though it can be induced in other cells under inflammatory conditions. They found that CCR2 and CCR5 are key genes in the TME and prognosis of TNBC with the potential of predictive biomarkers in patients with this disease. Furthermore, the Gene Signatures and Cancer Immune Phenotypes Based on m6 were demonstrated by Zhao et al. Authors state that the N6 -methyladenosine (m6) had been considered as a new layer of epitranscriptomic regulation on mRNA processing, stability, and translation. They state that comprehensive evaluation of tumor m6 A modification pattern will enhancing our understanding of the characterization of immune cell infiltration in the tumor microenvironment and promote the responsiveness of BC to immunotherapy. The Potential Prognostic Role of Oligosaccharide-Binding Fold Containing Protein 2A (OBFC2A) in Triple-Negative Breast Cancer was approached by Wu et al. Their study aimed to investigate the potential prognostics of TNBC by analyzing BC proteomic and transcriptomic datasets. In addition, biological functional experiments showed that OBFC2A might promote the proliferation and migration of BC cells. The inhibition of OBFC2A expression blocked the cell cycle in the G1 phase and inhibited the transformation from the G1 phase to the S phase. Finally, downregulation of OBFC2A also increased the total apoptosis rate of cells and may be a potential prognostic biomarker for TNBC. Furthermore, Zhu et al. studied the Value of the Application of Contrast-Enhanced Magnetic Resonance Imaging (CEMRI) Radiomics and Machine Learning in Preoperative Prediction of Sentinel Lymph Node Metastasis in Breast Cancer to explore the value of machine learning model based on CEMRI radiomic features in preoperative prediction of sentinel lymph node (SLN) metastasis of BC. The authors mentioned that the clinical value of machine learning models based on CE-MRI radiomic features, providing a highly accurate, non-invasive, and convenient method for preoperative prediction of sentinel lymph node metastasis in BCpatients. With the focus on therapy and resistance to treatment Barchiesi et al. studied the Emerging Role of PARP (An enzyme involved in many functions of the cell, including the repair of DNA damage. DNA damage may be caused by normal cell actions, UV light, some anticancer drugs, and radiation used to treat cancer). Inhibitors of PARP-1 are being studied in the treatment of cancer. Also called poly (ADP-ribose) polymerase-1. Inhibitors in Metastatic Triple Negative Breast Cancer. Clinical research areas are investigating PARP inhibitors in combination with other agents. They enrolled patients without germline BRCA mutations: ongoing phase II/III studies and combined PARP inhibitors with immunotherapy. Authors explained that several clinical trials enroll patients with somatic BRCA mutation or patients carrying mutations in genes other than BRCA1/2 involved in the homologous recombination repair pathway. Thus, combining PARP inhibitors with different therapies might overcome the resistance at some point in BC patients. As we mentioned in previous paragraphs, the immune system plays a very important role in stopping tumor growth, but it can also do so in maintaining proliferation. Immune infiltration and specifically lineages of the immune system have been reported to be important in determining response to therapy. Liang et al. delve into the Tumor Mutation Burden (TMB) and the genomic alterations and T cell receptors (TCR) which are Correlated as key predictive indicators of the Efficacy of Neoadjuvant Chemotherapy (NAC) in BC.The authors demonstrated that the TCR index and TMB have significant interaction and may guide neo-adjuvant treatment in operable BC. Response to NAC in tumors with high TCR clonality may be attributable to high infiltration and expansion of tumor specific CD8 positive effector cells. A novel finding in this Special Issue, is that some microRNAs can regulate immune infiltration. Recent discoveries have unveiled thousands of unique non-coding RNAs (ncRNAs) and shifted the perception of them from being junk transcriptional products to yet to be elucidated-and potentially important-RNAs. Most ncRNAs are now known as key regulators in various networks in which they could lead to specific cellular responses and fates. In major cancers, ncRNAs have been identified as both oncogenic drivers and tumor suppressors, indicating a complex regulatory network among these ncRNAs. In that sense, Liu et al. reported that the non-coding RNAs (ncRNA)-Mediated Overexpression of Ferroptosis Related Gene EMC2 which Correlates with Poor Prognosis and Tumor Immune Infiltration in BC. The study of Wei et al. evaluated the role of ferroptosis as an iron-dependent programmed cell death process. Although ferroptosis inducers hold promising potential in treating BC, the specific role and mechanism of the ferroptosis-related gene EMC2 in BC have not been entirely determined. Ferroptosis is an intracellular iron-dependent form of cell death that is distinct from apoptosis, necrosis, and autophagy. Extensive studies suggest that ferroptosis plays a pivotal role in tumor suppression, thus providing new opportunities for cancer therapy. The authors mentioned that the EMC2 levels were significantly associated with tumor immune cell infiltration, immune cell biomarkers, and immune checkpoint expression, making to EMC2 gene a new immune therapeutic target in BC. Their study offers a comprehensive understanding of the oncogenic roles of EMC2 across different tumors. In the paper Bulk and Single-Cell Profiling of Breast Tumors Identifies TREM-1 as a Dominant Immune Suppressive Marker Associated With Poor Outcomes, Lance D Miller et al, found out that Triggering receptor expressed on myeloid cells (TREM1) induces the expression of different cytokines. Additionally, TREM1 was discovered by a statistical ranking procedure as top genes for which high expression was associated with reduced response to NAC, but only in the context of immunologically “hot” tumors otherwise associated with a high NAC response rate. Gao et al. in their contribution 3D Extracellular Matrix Regulates the Activity of T Cells and Cancer Associated Fibroblasts in Breast Cancer, the authors the authors pointed out the relationship between T cell immunosuppression and cancer associated fibroblasts (CAF) induction, which could be of central importance for the BC invasion and may constitute novel therapeutic targets to improve BC outcomes. In their study, Identification of Key Transcription Factors and Immune Infiltration Patterns Associated With Breast Cancer Prognosis Using WGCNA and Cox Regression Analysis, identified three biomarkers related to BC prognosis. Their results provide a framework for the co-expression of transcription factors modules and immune infiltration in BC. In the research, Spatial Profiling Identifies Prognostic Features of Response to Adjuvant Therapy in Triple Negative Breast Cancer Kulasinghe et al. delve into the TNBC as an aggressive subtype that has few effective treatment options due to its lack of targetable hormone receptors. The authors says that data provides early insights into the levels of these markers in the TNBC tumor microenvironment, and their association with chemotherapeutic response and patient survival. The authors applied targeted proteomic analysis of both chemotherapy sensitive and resistant TNBC tissue samples. By quantifying 68 targets in the tumor and tumor microenvironment (TME) compartments and performing differential expression analysis between responsive and non-responsive tumors. The authors conclude that increased ER-alpha expression within the stromal compartments is associated with adjuvant chemotherapy response. Similarly, higher expression of fibronectin and lower levels of CD80 were associated with response within tumor compartments. This highlights the importance of studying the tumor microenvironment and not just the tumor as an independent complex. Qiu et al. in their paper Tumor-Associated Macrophages: Key Players in Triple-Negative Breast Cancer. TAMs are divided into typically activated M1 subtype and alternately activated M2 subtype, with different expressions of receptors, cytokines, and chemokines. Recent studies demonstrate that TAMs participate in the process of TNBC from occurrence to metastasis and might serve as potential biomarkers for prognosis prediction. In the same line of research, Zhang et al. in the manuscript Multi-Omics Profiling Suggesting Intratumoral Mast Cells as Predictive Index of Breast Cancer Lung Metastasis. Zhang discussed that breast cancer lung metastasis has a high mortality rate and lacks effective treatments, for the factors that determine breast cancer lung metastasis are not yet well understood. They used multi-omics data of the TCGA cohort to emphasize the following characteristics that may lead to lung metastasis. Moreover, they found that mast cell fraction can be used as an index for individual lung metastasis status prediction and verified in the 20 human breast cancer samples. The lower mast cell infiltrations correlated with tumors that were more malignant and prone to lung metastasis. This study is the first comprehensive analysis of the molecular and cellular characteristics and mutation profiles of breast cancer lung metastasis, which may be applicable for prognostic prediction and aid in choosing appropriate medical examinations and therapeutic regimens. In addition Chen et al. demonstrated in their manuscript, Prognostic Significance of Neutrophil-to-Lymphocyte Ratio and C-Reactive Protein/Albumin Ratio in Luminal Breast Cancers With HER2-Negativity that preoperative evaluation of neutrophil lymphocyte ration (NLR) and C-reactive protein/albumin ratio (CAR) were significant and independent prognostic indicators for luminal BC with HER2-negativity. Nevertheless, the authors highlighted the importance of elevated levels of NLR and poor prognosis in ER+ and HER+ BC. Zhou et al. in the study Identification of a novel Necroptosis-related Classifier to Predict Prognosis and Guide Immunotherapy in Breast Invasive Carcinoma pointed out that the role of necroptosis has been little studied within the context of the tumor microenvironment, however, with the help of bioinformatic tools such as genomic variations based on the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) they postulated that various Necroptosis-related genes may govern high sensitivity toward immunotherapy and chemotherapy in invasive BC. Different signaling pathways have been related to proliferation, invasion, resistance to treatment, and metastasis. In this special volume, several authors contributed important research. The paper Germline Mutational Landscape in Chinese Patients with Advanced Breast Cancer by Zhang et al. showed that the most prevalent germline mutations in a large cohort of Chinese patients with advanced BC were BRCA1/2 mutations, followed by ATM and RAD50 mutations. Approximately 16.0% (57/356) of patients carry deleterious mutations in the DDR pathway. Patients with breast or ovarian cancer family history were more likely to carry BRCA1/2 mutations, and ones with DDR mutations had worse survival. Their findings suggest that DDR mutations are prevalent in Chinese BC patients who may potentially benefit from treatment with Poly (ADP-ribose) polymerase inhibitors. Moreover, Li et al. in their manuscript Enhancer RNA SLIT2 Inhibits Bone Metastasis of Breast Cancer Through Regulating P38 MAPK/c-Fos Signaling Pathway, demonstrated that based on the co-expression network for bone metastasis of BRCA, they screened key eRNAs to explore a prognostic model in predicting the bone metastasis by bioinformatics analysis. Besides, they identified the potential regulatory signaling pathway of SLIT2 in BRCA bone metastasis, which provides a promising therapeutic strategy for the metastasis of BRCA. Li et al. demonstrate that HER2-low tumors could be identified as a more distinct clinical entity from HER2-zero tumors, especially for the HR-positive subgroup. They also established that a more complex molecular landscape of HER2-low breast cancer might exist, and more precise diagnostic algorithms for HER2 testing could be investigated, with the purpose of offering new therapeutic targets for BC treatment. Zhou et al. in their manuscript Filamin A is a Potential Driver of Breast Cancer Metastasis via Regulation of MMP-1 delve into the fact that there is recurrent metastasis is a major fatal cause of BC. Regretfully, the driving force and the molecular beneath have not been fully illustrated yet. Their study recruited a cohort of breast cancer patients with locoregional metastasis. In summary, this study demonstrates that FLNA may play as a positive regulator in cancer proliferation and recurrence. It provides new insight into BCmetastasis and suggests a potential new therapeutic target for BCtherapy. 20

In the manuscript Preoperative Pectoralis Muscle Index Predicts Distant Metastasis-Free Survival in Breast Cancer Patients, Wen- Huang et al. discussed that sarcopenia is related to adverse clinical outcomes in patients with malignancies. Muscle index is a key parameter in evaluating sarcopenia. However, no data is investigating the association between muscle index and distant metastasis in breast cancer. They found that low PMI/T4 is associated with worse DMFS and OS in BC patients. Hao et al. demonstrated that Tumor necrosis factor receptor associated factor 4 (TRAF4) plays an important role in promoting cell proliferation and in inhibiting cell apoptosis induced by Eg5. In summary, their study suggests a new direction for investigating the role of TRAF4 in driving BC progression. Li et al. in the manuscript Bioinformatics and Experimental Analysis of the Prognostic and Predictive Value of the CHPF Gene on Breast Cancer, discussed that Chondroitin Polymerizing Factor (CHPF), is an enzyme involved in chondroitin sulfate (CS) elongation and a novel key molecule in the poor prognosis of many cancers. However, its role in the development and progression of BC remains unclear. The authors demonstrated that CHPF transcriptional expression and DNA methylation correlate with immune infiltration and immune markers. Upregulation of CHPF in BC promotes malignant behavior of cancer cells and is associated with poorer survival in breast cancer, possibly through ECM-receptor interactions and the PI3K-AKT pathway. Singh et al. in the work Circulatory level of Inflammatory cytoskeleton signaling regime proteins in Cancer Invasion and Metastasis raised new methods to establish a panel of blood-based diagnostic and prognostic biomarkers in metastatic BC. The biomarkers panel are shaped by inflammatory, MAPK and cytoskeletal signaling pathways serum proteins. They found different proteins that were significantly elevated in the serum of BC patients compared to healthy controls. The authors proposed phospho-LIMK, p38α, and phospho-p38α as potent predictive panels of biomarkers for metastatic BC. Datta et al. state that the lack of highly selective ERβ agonists without ERα activity has limited the exploration of ERβ activation as a strategy for ERα+ breast cancer. In this study, the authors demonstrate the efficacy of highly selective ERβ agonists in ERα+ breast cancer cell lines and drug-resistant derivatives, ERβ agonists blocked cell proliferation, migration, and colony formation and induced apoptosis and S and G2/M cell-cycle arrest of ERα+ breast cancer cell lines. Their results demonstrate that highly selective ERβ agonists attenuate the viability of ER+ BC cell lines in vitro and suggest that this therapeutic strategy merits further evaluation for ERα+ breast cancer. In the manuscript, Changes in Pulmonary Microenvironment Aids Lung Metastasis of Breast Cancer Wu et al. delves into the fact that Breast cancer has become the most common malignant disease in the world according to the International Agency for Research on Cancer (IARC), and the most critical cause of death is distant metastasis. Their review highlights recent findings regarding the alterations of pulmonary microenvironment in lung metastasis of breast cancer, with a focus on various cells and acellular components. On the same line, in their paper Clinical Relevance of Estrogen Reactivity in the Breast Cancer Microenvironment, Takeshita et al. demonstrated that BC with high levels of estrogen reactivity had low immune cytolytic activity and low levels of immunostimulatory cells. It also had low levels of stimulatory and inhibitory factors of the cancer immunity cycle. Patients with high estrogen reactivity were also associated with a better prognosis. The authors demonstrated the relationship between estrogen reactivity and the profiles of immune cells and gene expression, as well as survival. The authors highlighted the molecular interaction of the ER with immune actions. The special volume includes works by different authors worldwide, highlighting the importance of using new approaches and novel methodologies that contribute to understanding the mechanisms of progression of breast cancer and its prevention, diagnosis, and treatment. Likewise, it invites researchers to consider the tumor microenvironment as an integral measure for cancer treatment, therapeutic response and clinical outcome.

We hope that our readers will find fascinating and enticing the first-ever Research Topic devoted to Exploring the Breast Tumor Microenvironment: Association to Metastasis, Novel Risk Factors and Novel Treatments and Immunotherapies Edited by us.


Author contributions

All authors listed have made a substantial, direct, and intellectual contribution to the work and approved it for publication.



Funding

This research was funded by Grant IN-202723 to JMM and IN-218922 to KN, both from Programa de Apoyo a Proyectos de Innovación Tecnológica (PAPIIT), Dirección General de Asuntos del Personal Académico (DGAPA), Universidad Nacional Autónoma de México (UNAM).



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.



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 Nava-Castro, Segovia-Mendoza and Morales-Montor. 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.




ORIGINAL RESEARCH

published: 24 September 2021

doi: 10.3389/fonc.2021.735670

[image: image2]


Miller–Payne Grading and 70-Gene Signature Are Associated With Prognosis of Hormone Receptor-Positive, Human Epidermal Growth Factor Receptor 2-Negative Early-Stage Breast Cancer After Neoadjuvant Chemotherapy


Liye Wang †, Rongzhen Luo †, Qianyi Lu †, Kuikui Jiang, Ruoxi Hong, Kaping Lee, Ping Zhang, Danyang Zhou, Shusen Wang *‡ and Fei Xu *,‡


Department of Medical Oncology, Sun Yat-Sen University Cancer Center, State Key Laboratory of Oncology in South China, Collaborative Innovation Center for Cancer Medicine, Guangzhou, China




Edited by: 

Mariana Segovia, National Autonomous University of Mexico, Mexico

Reviewed by: 

Sahar Hamed, Mansoura University, Egypt

Yeon Hee Park, Sungkyunkwan University, South Korea

*Correspondence: 

Fei Xu
 xufei@sysucc.org.cn 

Shusen Wang
 wangshs@sysucc.org.cn



†These authors have contributed equally to this work and share first authorship


‡These authors have contributed equally to this work


Specialty section: 
 This article was submitted to Breast Cancer, a section of the journal Frontiers in Oncology


Received: 03 July 2021

Accepted: 03 September 2021

Published: 24 September 2021

Citation:
Wang L, Luo R, Lu Q, Jiang K, Hong R, Lee K, Zhang P, Zhou D, Wang S and Xu F (2021) Miller–Payne Grading and 70-Gene Signature Are Associated With Prognosis of Hormone Receptor-Positive, Human Epidermal Growth Factor Receptor 2-Negative Early-Stage Breast Cancer After Neoadjuvant Chemotherapy. Front. Oncol. 11:735670. doi: 10.3389/fonc.2021.735670




Introduction

HR+/HER2− breast cancer (BC) has a much lower pathological complete response (pCR) rate to neoadjuvant chemotherapy (NAC). Therefore, to better stratify the relapse risk for HR+/HER2− non-pCR populations, it is essential to accurate identification new prognostic markers.



Materials and Methods

The study retrospectively analyzed 105 stage II–III patients who were diagnosed with HR+/HER2− BC and received NAC followed by breast and axilla surgery between 2013 and 2019 in Sun Yat-Sen University Cancer Center. The Miller–Payne (MP) grading system was used to evaluate pathological responses to NAC. The 70-gene signature was used to classify the prognosis signatures.



Results

Among the 105 patients, the study demonstrated that larger tumor size and lower progesterone receptor level at baseline and larger tumor size postoperative were statistically significantly associated with worse disease-free survival (DFS) (p = 0.004, p = 0.021, and p = 0.001, respectively). Among 54 patients who underwent the 70-gene assays, 26 (48.1%) had a low-risk signature; 28 (51.9%) patients had a high-risk signature. Patients with poor response (MP grades 1–2) were more likely to with a high-risk 70-gene signature than those with good response (MP grades 4–5). The final analysis showed that DFS was longer in the low-risk group than in the high-risk group [52.4 vs. 36.1 months of the median DFS, hazard ratio (HR) for recurrence, 0.29; 95% confidence interval (CI), 0.10–0.80; p = 0.018]. DFS was longer in the good response (MP grades 3–4) group than in the poor response (MP grades 1–2) group (94.7% vs. 60% of the patients free from recurrence; HR, 0.16; 95% CI, 0.05–0.47; p = 0.037). When stratified by MP grades combined with the 70-gene signature, subgroup analyses showed the good-response low-risk group with the best DFS, whereas the poor-response high-risk group showed the worst DFS (p = 0.048). Due to the short median follow-up time of 34.5 months (5.9–75.1 months), MP grades and the 70-gene signature did not show significant prognostic value for overall survival.



Conclusion

The study showed that analysis of MP grades combined with the 70-gene signature with residual NAC-resistant breast samples has a significant correlation with DFS.





Keywords: breast cancer, neoadjuvant chemotherapy, Miller–Payne system, gene expression signature, prognostic



Introduction

Hormone receptor-positive (HR+)/human epidermal growth factor receptor 2-negative (HER2−) breast cancer (BC) accounts for about 50–60% of all invasive breast carcinomas (1). HR+/HER2− patients with locally advanced stages may receive neoadjuvant chemotherapy (NAC) to reduce tumor burden and potentially facilitate breast or axillary conservation (2). Previous studies have demonstrated higher rates of pathological complete response (pCR) to NAC in triple-negative and HER2+ BC, but with a much lower rate in HR+/HER2− patients (3–5). However, pCR is not a surrogate endpoint for prediction of long-term clinical benefit in HR+/HER2− patients, such as disease-free survival (DFS) and overall survival (OS) (6). In particular, for HR+/HER2− BC, various multigene expression assays have been developed and validated to have prognostic value (7, 8). Patients who have residual invasive carcinoma after the receipt of NAC for HR+/HER2− BC have poor prognoses. Therefore, to better stratify the relapse risk for HR+/HER2− non-pCR populations, it is essential to accurate identification new prognostic markers.

The 70-gene signature (MammaPrint) is a prognostic tool that classifies tumors into groups that are associated with a good prognosis or a poor prognosis based on the risk of distant metastases at 5 and at 10 years (7). MammaPrint has been approved by the Food and Drug Administration (FDA), which can distinguish patients who are at significant risk for distant metastases and death from those at low risk (9). The prognostic value of 70-gene signature has been validated in a range of studies (9, 10). Furthermore, the results showed that the 70-gene signature increased independent prognostic information to that provided by commonly used clinicopathological factors. The Miller–Payne (MP) grading system is a widely accepted and frequently used method, and it is an independent predictor of DFS or OS (11). Prognostic value of the 70-gene signature in HR+/HER2− early-stage BC after NCT is unclear. Therefore, the 70-gene assay combined with MP grading system to assess the prognosis value of HR+/HER2− early-stage BC has great clinical significance.

Integrating tumor size and nodal status with tumor grade and genomic signatures could provide accurate prognostic estimates for HR+/HER2− BC (12, 13). The risk factors for early recurrence and for late recurrence are largely the same (14, 15). There is a need for more accurate predictive markers to guide intensive adjuvant therapy in HR+/HER2− BC after NAC. However, integrating the 70-gene signature with MP grading system for HR+/HER2− early-stage BC after NAC prognostic estimates is uncertain. Here, we designed this study to examine prognosis value of the 70-gene signature combined with MP grading system in patients who underwent NAC for HR+/HER2− early-stage BC.



Materials and Methods


Patient Material

The flowchart of the study is shown in Figure 1. The clinical study has been approved by the ethical committee of Sun Yat-Sen University Cancer Center (ethics approval number of clinical study project: B2020-329). Formalin-fixed paraffin-embedded tumor specimens and clinical data were retrospectively collected from a consecutive of 105 HR+/HER2− BC who received NAC between 2013 and 2019. The criteria for inclusion were as follows: (1) histologically confirmed invasive carcinoma at core needle biopsy; (2) clinical stages II–III; (3) histochemical examination of ER ≥ 10%, HER2 negative; (4) both NAC and surgical procedures performed in our hospital; (5) MP grades available after surgery; and (6) never received chemotherapy, radiation, and endocrine therapy before NAC. All patients were accepted at least two cycles of NAC. Patients with no or insufficient tumor samples as determined by a pathologist and insufficient RNA for testing were excluded, resulting in a total of 54 patients enrolled suitable for the 70-gene assay.




Figure 1 | The patient selection and the classification of the 70-gene signature and Miller–Payne pathological grades.





Molecular and Clinical Characteristics

The 70-gene expression profile was assessed from the formalin-fixed paraffin-embedded resection breast samples blinded to clinical and pathological data. The paraffin blocks were cut into tissue sections with a thickness of 3–5 µm to make white slices without cover glass and then dewaxed to obtain enough tumor RNA for genetic testing (16, 17). RNA extraction and amplification were performed as previously described (18). Only specimens with at least 50% tumor cells were further analyzed. To assess the mRNA expression level of the 70 genes, RNA was hybridized with a standard reference to the custom-designed diagnostic chip, each containing oligonucleotide probes for the profiles in triplicate or more. Tumors were classified as high or low genomic risk as described previously (7).

The pathological response to NAC was assessed by the MP grading system (11), compared with the pathology changes in the resected tumor specimens with the tissues before chemotherapy:

	Grade 1: No change or some alteration to individual malignant cells but no reduction in overall cellularity;

	Grade 2: A minor loss of tumor cells but overall cellularity still high; up to 30% loss;

	Grade 3: Between an estimated 30% and 90% reduction in tumor cells;

	Grade 4: A marked disappearance of tumor cells such that only small clusters or widely dispersed individual cells remain; more than 90% loss of tumor cells;

	Grade 5: No malignant cells identifiable in sections from the site of the tumor, only vascular fibroelastotic stroma remains often containing macrophages. However, ductal carcinoma in situ (DCIS) may be present.



pCR was defined as no histological evidence of malignancies or only in situ residuals in breast tissue after surgery and complete disappearance of lymph node metastasis.

Grades 1 and 2 are categorized as poor response, and Grades 3–5 are categorized as good response.



Following Up

The follow-up data including the dates of recurrence and death were collected through the outpatient service, telephone, and the way to the hospital review, until death or the date of the last follow-up (on May 1, 2021). The median follow-up time was 37.5 months (2.4–92.3 months). DFS was calculated from the date of surgery to the date of disease relapse (local or distant relapse or death from any cause). OS was calculated from the date of surgery to the date of death or the latest follow-up.



Statistical Analysis

Analyses were performed using SPSS version 26. The differences in patients and tumor characteristics between the 70-gene high- and low-risk signature were tested using Fisher’s exact test. Logistic regression was applied to identify variables predictive of MP grades. The results of the model were expressed as odds ratio (OR) and relative 95% confidence interval (CI). Univariate and multivariate analyses were performed with the Cox proportional model to determine the effects of independent prognostic factors on DFS and OS. Calculating the exponential of the regression coefficients from the Cox model provided an estimate of the HR and the 95% CI. DFS and OS curves were calculated using the Kaplan–Meier method and compared using the log-rank test. Two-tailed p < 0.05 were considered statistically significant.




Results


Patient Characteristics and Responses

We collected the information of 105 BC patients who received NAC before surgery (Tables 1, 2). The median age was 45.4 years (range, 28–66 years). All patients were diagnosed with stage II or III disease, and 71.4% of them were premenopausal at diagnosis. The clinical response to NAC was assessed for each patient and summarized by the RECIST 1.1 criteria. The overall clinical PR rate was 66.7% (70/105), and the clinical SD rate was 30.5% (32/105), and the remainder of the patients had PD. The pathological responses were assessed by MP grades. Six patients (5.7%) had an MP grade 5 response, 9 patients (8.6%) had a grade 4 response, 40 patients (38.1%) had a grade 3 response, 36 patients (34.3%) had a grade 2 response, and 14 patients (13.3%) had a grade 1 response. The 105 patients were classified into two subtypes: Luminal-A (21.9%, n = 23), 1 patient (4.3%) was grade 4, 8 patients (34.8%) were grade 3, 8 patients (34.8%) were grade 2, and 6 patients (26.1%) were MP grade 1; Luminal-B (69.5%, n = 73), 5 patients (6.8%) were grade 5, 7 patients (9.6%) were grade 4, 30 patients (41.1%) were grade 3, 25 patients (34.2%) were grade 2, and 6 patients (8.2%) were MP grade 1. The overall pCR was 3.8% (4/105), considering both MP grades and residual nodes. Thirty-eight patients (36.2%) received adjuvant chemotherapy; 90 patients (85.7%) received adjuvant radiotherapy. Type of endocrine therapy used was tamoxifen in 33 (31.4%), aromatase inhibitor (AI) + ovarian function suppression in 47 (44.8%), and AI alone in 31 (29.5%). A total of 54 patients had available postoperative tissue for the 70-gene signature (Supplementary Table S1).


Table 1 | The preoperative clinicopathological characteristics of patients.




Table 2 | The postoperative clinicopathological characteristics of patients.





Logistic Analysis of Pretreatment Factors and MP Grades

Univariate logistic regression analysis revealed that good response (Grades 3–5) to NAC in early-stage HR+/HER2− BC was significantly associated with N-stage 2–3, Anthracycline-taxane or clinical PR (N-stage: p = 0.042, OR 2.25, 95% CI 1.03–4.92; primary systemic therapy: p = 0.014, OR 4.48, 95% CI 1.35–14.84; clinical response: p = 0.010, OR 0.33, 95% CI 0.14–0.77), while it was unrelated to age, clinical tumor stage, clinical stage, PR, Ki-67, and molecular subtypes (Table 3).


Table 3 | Logistic univariate and multivariate analyses for the relationship between clinicopathological characteristics pretreatment and Miller–Payne grades in 105 patients.



Multivariate analysis was performed using baseline characteristics with p < 0.15 in the univariate analysis. The results showed that good response to NAC in early-stage HR+/HER2− BC was significantly associated with anthracycline-taxane chemotherapy or clinical PR (p < 0.05). The other factors were not related to good response. ER could not be analyzed for MP grades because most patients had tumors with high ER expression.



Characteristics of the Postoperative Tumor in the MammaPrint Cohort

The 70-gene signature was analyzed in 54 patients; the tumor characteristics are presented in Supplementary Table S1 and Table 4. The 54 patients were classified into two subtypes: Luminal-A (18.5%, n = 10), 6 patients (60.0%) had low- and 4 patients (40.0%) had high-risk signature; Luminal-B (74.1%, n = 40), 18 patients (45.0%) had low- and 22 patients (55.0%) had high-risk signature. Among the 54 early HR+/HER2− patients, 26 (48.1%) had a low-risk signature, whereas 28 (51.9%) patients had a high-risk signature. Tumors with a high-risk signature were of higher grade, higher Ki67 level, and were more often classified as Luminal B tumors. Figure 2 shows the relation between the classification of the 70-gene profile as a continuous variable and MP grades (good response: grades 3–4; poor response: grades 1–2). Patients with a good response have a higher probability to with a high MammaPrint Index.


Table 4 | The tumor characteristics of postoperative and the association with the 70-gene signature.






Figure 2 | The association between the classification of the 70-gene recurrence risk and the pathological response.





Survival Analysis

Of the 105 early-stage HR+/HER2− cases, the magnitude of impact on different prognosis including DFS and OS differed depending on factors (Supplementary Table S2). Multivariate analysis showed that larger tumor size and lower PR level at baseline and larger tumor size postoperative were independent predictor of DFS.

Among 54 patients who underwent the 70-gene assays, there were four incidences of death. The median follow-up time was 34.5 months (5.9–75.1 months). Postoperative clinicopathological factors were analyzed for survival (Table 5). Univariate analysis showed that DFS was significantly associated with KI67, pathological tumor stage, and MammaPrint signature. OS was related to the pathological tumor stage (p < 0.05); however, it was unrelated to histological grade, PR, KI67, molecular subtypes, nodal stage, pathological stage, MP grades, and MammaPrint signature (Figure 3). Multivariate analysis was performed using postoperative characteristics with p < 0.15 in the univariate analysis. The results showed that pathological tumor stage was independent predictor of DFS and OS in early-stage HR+/HER2− BC after NAC.


Table 5 | Univariate and multivariate analysis of postoperative factors predictive of disease-free survival and overall survival in MammaPrint group.






Figure 3 | Disease-free survival (DFS) and overall survival (OS) according to Miller–Payne grades (A) and MammaPrint evaluation (B). Kaplan-Meier DFS and OS estimates for combinations of Miller–Payne grades and MammaPrint evaluation (C).



The study showed that DFS was longer in the good response (MP grades 3–4) group than in the poor response (MP grades 1–2) group (94.7% vs. 60% of the patients free from recurrence; HR, 0.16; 95% CI, 0.05–0.47; p = 0.037) (Figure 3A). DFS was longer in the low-risk group than in the high-risk group (52.4 vs. 36.1 months of the median DFS; HR for recurrence, 0.29; 95% CI, 0.10–0.80; p = 0.018) (Figure 3B). When stratified by MP grades and the 70-gene signature, subgroup analyses showed the -response low-risk group with the best DFS, whereas the poor-response high-risk group showed the worst DFS (p = 0.048, Figure 3C).




Discussion

The pCR rate is associated with tumor subtypes; the HER2+ and triple-negative subtypes had higher pCR rates than the HR+/HER2− subtype (3, 19). In this study, a series of 105 patients with stage II–III primary invasive HR+/HER2− BC who received NAC were described. The overall pCR was 3.8% (4/105), which was consistent with previous studies. Therefore, pCR cannot be used to evaluate pathological responses to HR+/HER2− BC after NAC, and more accurate prediction alternative markers are needed. The overall loss of cellularity after NAC is not always reflected by a decrease in tumor size, as the fibrous stroma still exists. The MP grading system is based on the degree of tumor cell loss, which occurs within the tumor during NAC. Therefore, MP grades can accurately evaluate the main manifestation of pathological response to NAC and identify patients with a better prognosis (11, 20). Our study showed that only six patients (5.7%) had a MP grade 5 response, many patients exhibiting residual tumor cells were present, and the reaction to NAC may correlated with survival benefit. Multivariate analysis showed that anthracycline-taxane chemotherapy or clinical response was significantly associated with good response (MP grades 3–5). Therefore, anthracycline-taxane regimen was a better choice for HR+/HER2− BC who received NAC.

This study demonstrated that larger tumor size and lower progesterone receptor level at baseline and larger tumor size of postoperative were statistically significantly associated with worse DFS (p = 0.004, p = 0.021 and p = 0.001, respectively). However, a previous study showed that lower estrogen receptor level after 2 weeks of endocrine therapy is associated with poorer recurrence-free survival (21). In our study, ER could not be analyzed as most patients had tumors with high ER expression. A possible explanation for this phenomenon may be that significant changes in tumor hormone receptors status occur following NAC (22).

Patients with residual BC after NAC are at a high risk of recurrence of metastases, which make these patients ideal applicants for prognostic analysis. Residual cancer burden (RCB) score can be as a prognostic marker for long-term survival after NAC independent of the molecular subtype (23). The prognostic value of posttreatment Oncotype DX Recurrence Score (RS) results in tumor specimens from patients receiving neoadjuvant endocrine therapy (NET) was evaluated in a study by Ueno et al. (24), which demonstrated that posttreatment RSs was significantly associated with DFS. Next-generation sequencing-based multigene assay have been validated to have prognostic in early-stage HR+/HER2− BC (8). A study showed that neoadjuvant therapy can significantly altered MammaPrint index and molecular subtype, indicating that the genetic characteristics of the residual tumor are different from pretreatment genomic profile (25). To better delineate the relapse risk in patients after NAC with residual disease, it is necessary to develop a multigene assay to predict prognosis.

The residual chemotherapy-resistant cancer cells in the breast and nodes after NAC may harbor different gene expression patterns and DNA mutational signatures, which would result in differential survival. In this study, 54 resection breast samples met the 70-gene profile quality requirements and performed genomic assays. The proportion of tumors with a low-risk signature was 48.1%; that of high-risk signature was 51.9%. We observed that tumors with poor response (MP Grades 1–2) were more likely to have a high-risk 70-gene signature than those with good response (MP Grades 4–5) (Figure 1). Our study showed that MP grades and the 70-gene signature were statistically significantly associated with DFS (p = 0.037, p = 0.018, respectively). Stratifying by MP grades and the 70-gene signature also showed marked prognostic value (p = 0.048). The poor-response high-risk group showed the worst DFS, whereas the good-response low-risk group showed the best DFS. All patients received tamoxifen or aromatase inhibitors combined with ovarian function suppression adjuvant endocrine therapy. The study showed that active endocrine intervention for the poor-response high-risk group was not enough; the addition of chemotherapy or intensive endocrine therapy (e.g., cyclin-dependent kinase 4/6 inhibitors, CDK4/6i) in the adjuvant setting may prolong DFS and improve prognosis for these patients. Due to the short follow-up time, MP grades and the 70-gene signature did not show significant prognostic value for OS. A previous study used tumor samples prior to NAC for the 70-gene, which signature showed good prognostic value and predictive chemotherapeutic sensitivity (26). However, this study used residual chemotherapy-resistant breast samples, which showed similar prognostic value. This finding has important clinical implication. Based on the prognostic value of the 70-gene signature in HR+/HER2− early-stage BC who have residual invasive carcinoma after NCA; further clinical studies of intensive adjuvant therapy in high-risk patients should be conducted.

There were several limitations that should be considered while interpreting the study findings. One critical limitation was the small sample size that restricted our analysis for the subgroup based on MP grades and the 70-gene signature. Another limitation was that a longer follow-up will be required to confirm that MP grades and the 70-gene signature were associated with long-term survival. Different NAC regimens and cycles were another issue. In the present study, most patients received different cycles of anthracycline-based or anthracycline-taxane NAC, which may affect a reduction in tumor load of the primary tumor. Despite these limitations, our study has several strengths. To our knowledge, this is the first study that provides an analysis of MP grades combined with the 70-gene signature associated with prognostic in HR+/HER2− non-pCR populations. Integration of MP grades and the 70-gene signature to determine the appropriate options of adjuvant treatment may prolong DFS and improve prognosis. Further studies are warranted to confirm the clinical utility of MP grades combined with the 70-gene signature in early-stage HR+/HER2− breast cancer.

In conclusion, this study showed that analysis of MP grades combined with the 70-gene signature with residual neoadjuvant chemotherapy-resistant breast samples has a significant correlation with DFS. In particular, subgroup analyses based on MP grades and the 70-gene signature also showed markedly prognostic value.
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Breast cancer (BC) is the most frequent malignancy and is ranking the leading cause of cancer-related death among women worldwide. At present, BC is still an intricate challenge confronted with high invasion, metastasis, drug resistance, and recurrence rate. Exosomes are membrane-enclosed extracellular vesicles with the lipid bilayer and recently have been confirmed as significant mediators of tumor cells to communicate with surrounding cells in the tumor microenvironment. As very important orchestrators, non-coding RNAs (ncRNAs) are aberrantly expressed and participate in regulating gene expression in multiple human cancers, while the most reported ncRNAs within exosomes in BC are microRNAs (miRNAs), long-noncoding RNAs (lncRNAs), and circular RNAs (circRNAs). Notably, ncRNAs containing exosomes are novel frontiers to shape malignant behaviors in recipient BC cells such as angiogenesis, immunoregulation, proliferation, and migration. It means that tumor-derived ncRNAs-containing exosomes are pluripotent carriers with intriguing and elaborate roles in BC progression via complex mechanisms. The ncRNAs in exosomes are usually excavated based on specific de-regulated expression verified by RNA sequencing, bioinformatic analyses, and PCR experiments. Here, this article will elucidate the recent existing research on the functions and mechanisms of tumor-derived exosomal miRNA, lncRNA, circRNA in BC, especially in BC cell proliferation, metastasis, immunoregulation, and drug resistance. Moreover, these tumor-derived exosomal ncRNAs that existed in blood samples are proved to be excellent diagnostic biomarkers for improving diagnosis and prognosis. The in-depth understanding of tumor-derived exosomal ncRNAs in BC will provide further insights for elucidating the BC oncogenesis and progress and exploring novel therapeutic strategies for combating BC.
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Introduction

Breast cancer (BC) is one of the most common malignant tumors among females. As a highly heterogeneous cancer, BC can be divided into various distinct subtypes according to gene expression profiling, such as luminal A, luminal B, human epidermal growth factor receptor 2 (HER2)-positive and basal-like (triple-negative) BC (1). Despite there are tremendous advances in early detection, diagnosis, and therapy strategies, BC is still one of the primary reasons for cancer-related deaths in females due to the poor prognosis caused by tumor metastasis and recurrence (2). Over the past decades, numerous studies have attempted to illuminate the underlying mechanisms leading to BC oncogenesis, proliferation, and metastasis (3). However, the accurate mechanisms remain elusive by now. The establishment of identifying the key molecules and mechanisms is a prerequisite for the development of predictive and diagnostic biomarkers and innovative treatments for overcoming BC.

Exosomes are specifically defined as membrane-enclosed extracellular vesicles (EVs) with particle diameter sizes of 40 nm to 160 nm, which are released from cells upon fusion of the multivesicular body with the plasma membrane (4). Exosomes are widely distributed in the body fluids, such as blood, urine, saliva, amniotic fluid, cerebrospinal fluid, lymph, and bile, under both healthy and pathological conditions (5). The common exosomal biomarkers are associated with the exosome biogenesis, release, and fusion events, including a conserved set of proteins (caveolins, clathrin, transferrin receptors), tetraspanins (CD63, CD81, CD9) (6). Exosomes can deliver cargos into the extracellular space mainly containing soluble proteins (enzymes, cytokines, chemokines) and membrane-bound proteins, DNAs, messenger RNAs (mRNAs), non-coding RNAs (ncRNAs), lipids, and chemical messengers, which can reflect their cell of origin (7). Understanding the carried molecular and cellular properties of exosome cargos is important to offer benefits for identifying the key molecular events in disease initiation, occurrence, and progression. Exosome secretion is one of the emerging significant mechanisms for tumor cells to reciprocal communicate with surrounding cells. Recent studies have shown that tumor-released exosomes could shuttle and interplay between seeds and soil to induce tumor cell malignancy and organotypic metastasis (8). It is worth mentioning that the exosomes can transfer a variety of photogenic factors to the target organ to induce inflammation foci formation and thus lead to the recruitment of bone marrow precursors and the remodeling of the pre-metastatic niches (9). The metastasizing process is closely related to the surface-specific integrin on tumor exosomes. Therefore, the tumor exosomes are the important link in coordinating the complex multi-stage process of tumor metastasis. Due to their stability and disease-specific cargos, tumor-derived exosomes in blood circulation and in blood cell-surface-associated origination emerging as valuable targets for monitoring tumor progression (10). For example, Laktionov et al. analyzed the plasma-separated exosome from healthy females and BC patients by ultracentrifugation and found that the plasmic exosomal miR-103, miR-191, miR-195 that was associated with the fraction of red blood cells were more precisely to discriminate the BC in comparison to the cell-free exosomes circulating in plasma, confirming that better diagnostic value of isolated miRNA from cell-derived exosomes (11). Gonzalez et al. confirmed that the concentration of exosomes in BC patients with stages I, III, and IV was significantly higher compared with healthy donors (12). Determining the molecular properties of these cargos in exosomes remains a fundamental milestone toward understanding the molecular heterogeneity in BC as well as improving the application in theranostic strategies in BC (Figure 1).




Figure 1 | The biogenesis and composition of tumor derived-exosomes in BC. (A) The biogenesis of tumor derived-exosomes. The early endosomes are formed by the inward germination of the plasma membrane, and evolve into the late endosomes and then into MVBs. Some MVBs are degraded by fusion with lysosomes, while the others are trafficked to fuse with the plasma membrane to release exosomes into the extracellular environment. Then, the recipient cells can internalize exosomes for gene modification through different mechanisms, including direct internalization membrane fusion, large pinocytosis, phagocytosis and endocytosis. Exosomes can deliver multiple bioactive cargoes from parent cells to recipient cells. (B) The cargo profile and biomarkers of tumor derived-exosomes. The specific cargoes are encapsulated within exosomes, mainly including various proteins, DNAs, metabolites, lipids, mRNAs and ncRNAs, such as miRNAs, lncRNA, circRNAs. The specific membrane proteins anchor on the surface of exosomes as biomarkers, including a conserved set of proteins (caveolins, clathrin, transferrin receptors), tetraspanins (CD63, CD81, CD9), MHC I and II, tumor-associated antigens, growth factor receptors, and integrin receptors. These biomarkers are involved in the interaction between ligands and receptors on target cells. Breast cancer, BC; Multivesicular bodies, MVBs; Messenger RNAs, mRNAs; Non-coding RNAs, ncRNAs; MicroRNA, miRNAs; Long-noncoding RNA, lncRNA; circular RNAs, circRNAs; Major histocompatibility complex class-I and II, MHC I and II.



A large number of ncRNAs and their functionalities have generated lots of interest in BC. ncRNAs make up the vast majority of the eukaryotic transcriptome. Although with no or only limited protein-coding ability, ncRNAs can be transcribed into various RNA species to exert vital functions mainly responsible for post-transcriptional regulation (13). Dysregulation of ncRNAs has been proven to orchestrate BC progress by inducing proliferation, invasion, metastasis, cachexia of tumor cells (14). Importantly, a wide range of ncRNAs including microRNA (miRNAs), long-noncoding RNA (lncRNA), circular RNAs (circRNAs), piwi-interacting RNAs (piRNAs), small nucleolar RNA, can be synergistically packaged into tumor-derived exosomes (15). The most abundant ncRNAs within exosomes are miRNA, lncRNA, and circRNA. miRNAs, belonging to a class of small ncRNAs ranging from 19-24 nt in length, can regulate gene expression posttranscriptionally via either translation repression or mRNA degradation by binding to their complementary sites in the 3’-untranslated region (UTR) of mRNAs (16). lncRNAs are broadly defined as a class of ncRNAs transcripts for gene regulations with a length longer than 200 nucleotides (17). CircRNAs, are a new type of functional ncRNAs characterized by a covalent single-strand loop, accompanied by several notable characteristics, including high abundance, species diversity, structural stability, evolutionary conservation, localization, and specificity (18). Tumors are regulated by different genetic and epigenetic events of endogenous and exogenous sources. As a new way of cellular communication, exosomes are capable of carrying arrays of these oncogenic proteins and ncRNAs and then are internalized by the neighbor cells. As a consequence, the RNA-containing exosomes can then relay cellular signals from the donor cells to regulate the activities of the recipient cells. Especially, the exosomal ncRNAs are crucial players in the establishment of the metastatic niche by communication between cancer cells and normal cells (19).

As discussed above, tumor-derived exosomal ncRNAs are essential to modify the cancer cell phenotypes locally or systemically through the exosome-dependant exchange of genetic information. Thus, this article has deciphered the recent existing research on the roles and mechanisms of tumor-derived exosomal miRNA, lncRNA, circRNA in BC, especially in aspects of BC cell proliferation, metastasis, and immunoregulation. It also emphasizes the clinical implication of tumor-derived exosomal miRNA, lncRNA, circRNA in BC diagnosis, and drug resistance. Overall, an in-depth understanding of tumor-derived exosomal ncRNAs in BC will provide profound insight into the BC oncogenesis and progress and screen novel strategies for therapeutic interventions of BC.



Exosomal miRNAs

Importantly, the miRNA carried by exosomes was shown to transfer to recipient cells through direct uptake, playing a gene silencing effect to fine-tune target expression like endogenic miRNAs. Moreover, exosomal miRNAs can even impact the environment surrounding the tumor, influence the extracellular matrix (ECM) as well as immune system activation and recruitment.


Exosomal miRNAs in BC Growth

Stevic et al. determined the miRNA profiles in circulating exosomes of BC patients using quantitative miRNA array, emphasizing that several miRNAs were differently expressed in exosomes of either HER2-positive or triple-negative breast cancer (TNBC) patients compared with healthy women, such as miR-27a/b, miR-335, miR-365, miR-376c, miR-382, miR-422a, miR-433, and miR-628 (20). It clarified a network of deregulated exosomal miRNAs with specific expression patterns in HER2-positive and TNBC patients that were also associated with clinicopathological parameters and pathological complete response within each BC subtype (20). The packaging miRNA sets in BC exosomes could be served as potential diagnostic markers for monitoring BC. By using the same methods, Ni et al. also identified the exosomal miRNAs in 111 BC patients, 42 ductal carcinomas in situ (DCIS) patients and 39 healthy women (21). The results confirmed the different signatures of abnormal miR-16, miR-30b, and miR-93 in exosomes from BC and DCIS patients were associated with the particular biology of breast tumors. DCIS has the potential to develop invasive ductal carcinoma (IDC). Yoshikawa et al. posed that exosomal miR−223−3p levels separated from IDC patient plasma were higher than healthy control and DCIS (22). miR-223-3p promoted the invasion of BC cells, and exosomal miR-223-3p might be a minimally invasive biomarker for the selection of patients with invasion from DSIC patients.

By analyzing the miRNA profiles, Chen et al. found the participation of exosomal miR−130a and miR−425 in MCF−7/S cell viability, which was associated with malignant cell proliferation pathways, such as TOR, ErbB, MAPK and TGF-β (23). Besides, MCF-7 cells transfected miR-223-3p significantly promoted BC cell proliferation and cell invasion ability (22). By comprehensive analysis of microarray datasets from the public Gene Expression Omnibus (GEO) database, Xin et al. screened that exosomal miR-455-5p and miR-1255a resulted in poor prognosis and proved to be novel therapeutic targets for BC (24). miR-455-5p and miR-1255a could be transported from the BC cells to non-malignant recipient cells via inhibiting the expression of CDKN1B and SMAD4. Xia et al. indicated that the anticancer functions of halofuginone contributed to the shuttled exosomal miR-31 that could modulate the growth of the MCF-7 cells by specifically targeting the histone deacetylase 2 (HDAC2), which increased the levels of cyclin-dependent kinases 2 (CDK2) and cyclin D1 and suppressed the expression of p21 (25). Midori et al. showed that exosomes isolated from the HCC1806 TNBC cells were able to induce proliferation and drug resistance on the non-tumorigenic MCF10A breast cells, possibly mediated by the changes in 138 genes and 70 miRNAs expression, affecting including PI3K/AKT, MAPK, and HIF1A (26). Among the up-regulated differentially expressed (DE) miRNAs, miR-155-5p could regulate targets like APC, HSD17B12, MYC, SMAD1 and SMAD3, and act as an oncogenic miRNA involved in BC initiation and progress.

More and more researches have revealed that in the tumor microenvironment (TME), the normal fibroblasts (NFs) can transform into cancer-associated fibroblasts (CAFs), which could be recruited and activated by paracrine factors released from BC cells. A variety of juxtacrine and paracrine interactions represented by exosomal contents, occur between BC cells and CAFs to direct tumor progression. Importantly, Baroni et al. reported that in couples of primary NFs/CAFs isolated from patients with four BC subtypes, only miR-9 exhibited a significantly higher level just in triple-negative CAFs compared with the normal counterpart. In addition, tumor-secreted miR-9 via exosomes was transferred to NFs and increased cell motility, and NFs transfected with miR-9 significantly promoted the in vivo tumor growth (27). It was proved that miR-3613-3p was up-regulated in exosomes from fibroblasts educated by TGF-β1 and the fibroblasts of BC tissues (28). The cellular functions showed that the downregulation of miR-3613-3p in CAFs exosomes suppressed BC cell proliferation, reactive oxygen species (ROS) production, and metastasis by targeting SOCS2 (28). The study demonstrated that activated CAF exosomes played an oncogenic role in BC via miR-3613-3p. A very interesting study by Yan et al. indicated a mechanistic model involving BC EVs-encapsulated miR-105, which was induced by the oncoprotein MYC in BC cells and, in turn, activated MYC signaling in CAFs to induce a metabolic program (29). When nutrition was adequate, the CAF reprogrammed by miR-105 enhanced glucose and glutamine metabolism, thereby fueling nearby cancer cells. Hence, the capacity of miR-105-mediated metabolic reprogramming of CAFs contributed to sustained tumor growth by regulating the shared metabolic environment (29). Shah et al. reported that CAFs conditioned media from different BC subtypes contained diverse miRNA profiles and CAF-secreted secreted miR-221/222 involved in exosomes mediated estrogen receptor (ER) repression (30). The results strongly indicated that CAFs performed hierarchical paracrine interactions with BC cells through hMAPK-miRNA to drive the ER-negative BC phenotype. Therefore, the dynamic interplay between CAFs and BC cells could be mediated by exosomes to transfer oncogenic miRNAs cargos to remodel cancer progression.



Exosomal miRNAs in BC Metastasis

Metastasis is a multi-step process, in which the cancer cells acquire alterations contributing to surpass their programmed behavior to disseminate from the primary tumor, penetrate the blood circulation, and eventually spread into distant tissues (Figure 2A). By microarray analysis, Kruger et al. identified several oncogenic miRNAs with higher amounts in tumor exosomes, including miR-130a/miR-328 in MDA-MB-231 cells, and miR-106b/miR-34a in MCF-7, which might link to the enhanced metastatic property of BC (31). Wei et al. demonstrated that miR-128 in BC tumor-derived exosomes was able to negatively regulate the Bax protein in MCF-7 recipient cells and inhibit cell proliferation (32). miR-1246 was up-regulated in BC patients, especially in those with metastatic BC cell lines. Li et al. confirmed that the transferred miR-1246 could promote invasion in normal HMLE cells partially targeting CCNG2 by binding to its 3’-UTR (33). In the plasma sample of BC, exosomal miR-222 was highly expressed in advanced BC patients with lymphatic metastasis, as well as closely correlated with the high aggressivity of BC cell lines (34). Mechanistically, exosomal miR-222 intercellular transferring promoted migration and invasion of the recipient BC cells by repressing PDLIM2 expression and consequently enhancing NF-κB (34). In vitro assay, Kia et al. showed that miR-9 and miR-155 containing exosomes in highly metastatic MDA-MB-231 cells induced metastatic phenotype in recipient cells in non-metastatic MCF-7, with decreased PTEN and DUSP14 expression. This study introduced a novel route by preventing exosome secretion from metastatic and cancerous cells to prevent BC metastasis (35). The upregulation of RAB22A was associated with BC progression and lymph node metastasis. Sun et al. identified a signature of RAB22A and miR-193b that exhibited a negative association in metastatic as opposed to the surrounding normal cells. Besides, the oncogenic RAB22A, regulated by miR-193b, affected the exosome-mediated growth and invasion of the recipient BC cells (36). Singh et al. verified that miR-10b was highly expressed in metastatic BC MDA-MB-231 cells as compared to non-metastatic BC cells or non-malignant breast cells. Oncogenic miR-10b, secreted by BC cells, could influence the adjacent and distant normal cells, leading to beneficial results for tumor development and progression (37). In the process of metastatic spread, BC acquires the ability to transmigrate through blood vessels by inducing changes in the endothelial barrier. As reported by Modica et al., the exosomal miR-939 in TNBC cells increased tumor cell trans-endothelial migration and regulated cadherin 5 (CDH5) in endothelial cells. This work demonstrated that tumor-derived exosomal miR-939 participated in the extracellular pro-tumorigenic function and was associated with worse prognosis in TNBCs (38).




Figure 2 | Tumor-derived exosomal ncRNAs mediate intercellular communication between BC cells and their surrounding microenvironment. (A) The major target organs of BC metastasis. The organotropic metastasis of BC is mainly from breast to the lung, liver, bone and brain. (B) The complex constituents in tumor microenvironment of BC. To support tumor growth, the BC cells of tumor in situ can modify their surrounding microenvironment and distant environment via releasing multiple cytokine and ncRNA-containing exosomes. The crosstalk between BC and host organ promotes the formation of pre-metastasis niches, and is enhanced partially by exosomes released by BC cells. Consequently, tumor-derived exosome could promote BC cells metastasizing to distant organs. Besides, these exosomal ncRNAs can educate immune cells (DCs, eMDSCs, Tregs, M1/M2 macrophages) and remodel the extracellular matrix (CAFs) to create a favorable condition for BC growth and metastasis, and even drug resistance. ncRNAs, Non-coding RNAs; BC, Breast cancer; DCs, Dendritic cells; eMDSCs, Early-stage myeloid-derived suppressor cells; CAFs, Cancer-associated fibroblasts.



The lymphatic vessels (LV) within the TME are leaky compared to blood vessels and are considered a primary route of cancer dissemination. Kim et al. reported that ELK3 expressed in lymphatic endothelial cells (LECs) contributed to the dissemination of cancer cells during tumor growth by providing exosomal oncogenic miRNAs to tumor cells (39). Furthermore, conditioned medium from ELK3-suppressed LECs lost the ability to promote the migration and invasion of BC cells in vitro, by targeting miR-503-3p, miR-4269, and miR-30e-3p (39). Hypoxic tumors may communicate with surrounding tumor and non-tumor cells to induce more malignant phenotypes via exosomes. In both in vitro and in vivo visualization, Jung et al. found that exosomes could target localize in tumors, suggesting tumor tropism of exosomes (40). It also verified that hypoxic BC cell exosomes could transfer miRNA-210 to normoxic tumor/or endothelial cells and that miR-210 was associated with the expression of vascular remodeling related genes Ephrin A3 and PTP1B, to promote angiogenesis in recipient cells (40). These results indicated that cellular miRNAs components from hypoxic cancer cells spread to adjacent cancer cells in the TME via exosomes.

BC cells preferentially metastasize to specific organs, known as “organotropic metastasis”, which is influenced by BC subtypes. The crosstalk between BC and host organ promotes the formation of pre-metastasis niches and is enhanced by factors (such as exosomes) released by cancer cells before they reach the host organ. Kong et al. found that the lower levels of exosome-derived miR-130a-3p were related to lymph node metastasis and advanced tumor-node-metastasis (TNM) stage in BC (41). Overexpression of miR-130a-3p in breast cancer stem cells (BCSCs) inhibited cell proliferation, migration, and invasion potentially via downregulation of RAB5B, and the silencing of miR-130a-3p was of the opposite effects. miR-130a-3p might act as a disease progression monitoring biomarker and therapeutic target in BC. Rodríguez et al. showed that exosomes released by T47D-CXCR4 were enriched in specific mRNAs related to stemness and metastasis, supporting the view that BC cells with stem-like properties possessed the concomitant metastatic behavior, and their exosomes could stimulate tumor progression and metastasis (42). MDA-MB-231-derived exosomes releasing miR-454 disrupted the Wnt pathway by targeting PRRT2, thereby promoting the biological properties of cancer stem cells (CSCs) in vitro and ovarian cancer cell growth in vivo (43).

TNBC tends to transfer to the lungs and brain, which is different from other types that usually transfer to bones and soft tissues. The ITGβ4 positive-tumor exosomes could be used as natural targeting nanocarriers for protective miRNA-126 delivery, which was capable of recognizing A549 cells in the blood and availably escaping from the immune surveillance system in vitro (44). When tested in a lung metastasis model, miRNA-231 exosomes resulted in an efficacious impact on inhibiting the formulation of lung metastasis in vivo. In the in vitro assay, Paryan et al. found that miR-9 and miR-155 were among the over-expressed miRNAs in highly metastatic TNBC cells and their exosomes, by targeting PTEN and DUSP14 tumor suppressor genes respectively, which was confirmed by bioinformatic and luciferase assay (45). BC bone metastasis is difficult to cure, accompanied by bone pain, bone fractures, hypercalcemia, and spinal cord compression. miR-20a-5p was highly expressed in BC tumor tissues and the exosomes of MDA-MB-231 cells. MDA-MB-231 cell-derived exosomes transferred miR-20a-5p to the primary murine bone marrow macrophages and facilitated the osteoclastogenesis via targeting SRCIN, providing evidence for the development of exosome or miR-20a-5p targeted therapeutic intervention in BC bone metastasis (46). Sharma et al. developed a special therapy for brain metastasis which delivered athermal radiofrequency electromagnetic fields that were amplitude-modulated at BC-specific frequencies (BCF). Brain-tropic variant cells showed higher levels of exosomal miR-1246, while BCF reduced the expression of miR-1246 in exosomes secreted by brain metastatic cells to suppress angiogenesis in the brain microenvironment. It strongly suggested that miR-1246 might orchestrate the angiogenic niche in the brain and potentially serve as a biomarker of brain metastasis (47).




Exosomal lncRNAs

lncRNAs are a category of cellular RNAs with various secondary structures to specifically bind to proteins and nucleic acids, based on the principle of complementary base pairing (48). Exosomal lncRNAs commonly function as competing RNA sponges or endogenous RNAs (ceRNAs) to regulate gene expression. Aberrant expression of tumor-derived lncRNA served as a momentous part in BC cell proliferation, invasion, and metastasis.


Exosomal lncRNAs in BC Growth

lncRNAs can be delivered into extracellular space and adjust the function of neighboring or distant cells in a paracrine manner. Shao et al. found that lncRNA CASC9 was significantly up-regulated in both BC tissues and cell lines, thus playing an oncogenic role in BC (49). lncRNA CASC9 positively regulated checkpoint kinase 1 (CHK1) by competitively binding to the miR-195/497 cluster, thereby accelerated BC cell proliferation, accelerated cell cycle progression, and inhibited cell apoptosis (49). It has also been reported that the circulatory exosomal HOTAIR plays a role in the bladder, glioblastoma, and cervical cancer. Similarly, Zhang et al. confirmed that circulatory exosomal HOTAIR was present in cell lines as well as blood samples of recruited BC patients (50). The expression of exosomal HOTAIR was positively correlated with the status of the receptor tyrosine kinase (RTK) ErbB2 in tumor tissues. lncRNA MALAT1 was also up-regulated in BC tissues compared and the serum levels of cell-free MALAT1 could significantly differentiate between BC patients and volunteers (51). Besides, MALAT1 was significantly highly expressed in BC cell exosomes, while exosome-mediated delivery of MALAT1 induced cell proliferation in BC (51). The exosomes secreted from CAFs reprogram the metabolic pathways after the exosome internalization by the tumor cells. Li et al. provided evidence that CAF-exosomal lncRNA SNHG3 was abnormally increased in BC patients. Mechanistically, SNHG3 functioned as a miR-330-5p sponge to positively regulate PKM expression, inhibited mitochondrial oxidative phosphorylation, increased glycolysis carboxylation, and enhanced BC cell proliferation (52). Thus, SNHG3 could play an important role in the development and progression of BC. Collectively, these studies support the oncogenic potential of exosomal lncRNA communication between cancer cells and TME.



Exosomal lncRNAs in BC Metastasis

Cancer metastasis relies on the interactions between cancer cells and different components of TME. Exosomal lncRNAs have been implicated as novel mediators of intercellular communication within the primary TME and metastasizing niche. Lu et al. established a brain metastasis BC cell model by injecting MDA-MB-231-Luc-D3H2LN cells into immunodeficient female mice, posing that lncRNAGS1-600G8.5 was highly expressed in exosomes derived from readily metastasized to the brain, compared to the lncRNA in exosomes from low metastatic cells (53). Exosomal lncRNA GS1-600G8.5 disrupted the blood-brain barrier (BBB) and promoted the BC passage across the BBB, potentially by targeting tight junction proteins. Moreover, Xing et al. profiled lncRNAs in brain metastatic tumors from patients with BC and found that the lncRNA XIST was significantly downregulated in these tissues (54). Downregulation of lncRNA XIST activated three distinct pathways, epithelial-mesenchymal transition (EMT), MSN/c-Met, and release of exosomal miR-503, thus knockout of XIST in mice mammary glands promoted the primary tumor growth as well as metastasis in the brain. Importantly, they also found that fludarabine was a potential therapeutic agent for the treatment of patients with breast cancer brain metastasis (BCBM) that had low levels of XIST expression (54). Feng et al. also observed that BC exosomes could boost tumor pulmonary metastasis via mediating dysregulation of lncRNAs (55). There were 64 co-increased lncRNAs and 8 co-decreased lncRNAs in lung fibroblasts treated with BC exosomes (55). The results demonstrated that dysregulation of BC-secreted exosomal lncRNAs could accelerate the lung metastasis of the tumor by regulating the malignant transformation of lung fibroblasts, leading to pre-metastatic niche formation.




Exosomal circRNAs

circRNAs are highly conserved and relatively stable compared with other linear counterparts (56). Based on the composition, circRNAs can be generally classified into 4 types: exonic circRNAs, exon-intron circRNAs, circular intronic RNAs, and tRNA intronic circRNAs (57). Most circRNAs can function as a miRNA sponge or RNA binding protein, and can also regulate alternative splicing and modulate the expression of their parental genes. It has been reported that circRNAs are highly abundant and stable in exosomes, particularly in tumor-derived exosomes. Notably, circRNAs are capable of longer half-life resulted in more frequent incorporation into exosomes than linear RNAs (57). It is expectable that crucial regulatory functions of exosomal circRNAs in various behaviors of cancer, such as tumorigenesis, differentiation, proliferation, and metastasis.

By RNA sequence profiling, Yang et al. found that 646 circRNAs were significantly upregulated and 157 circRNAs were significantly downregulated in serum-exosomes of BC patients. It also identified the higher expression of hsa-circRNA-0088088 and hsa-circRNA-00000751 and lower expression of hsa-circRNA-00005795 by reverse transcription-polymerase chain reaction (RT-PCR) (58). Predicted potential circRNA-miRNA interaction networks showed that hsa-circRNA-0088088 and hsa-circRNA-0005795 might function as ceRNAs and were associated with several cancer-related pathways, such as the Wnt, estrogen, TGF-β, and FoxO signaling pathways (58). Amorim et al. presented a next-generation sequencing (NGS)-based transcriptome view of the miRNA and circRNA landscape of two breast-derived cell lines, HB4a and C5.2, in the context of HER2 upregulation, demonstrating that identification of hundreds of circRNAs in these cells as well as their exosome-containing EVs (59). Wang identified 5842 DE circRNAs in the MDA-MB-231 cells compared with the MCF-7 cells by cluster analysis (60). Compared with healthy controls, 1061 and 1084 exosomal circRNAs were upregulated, while 86 and 301 exosomal circRNAs were downregulated in patients with metastatic disease and patients with localized disease, respectively. They also obtained 432 pairs of circRNA/miRNA interactions to construct circRNA/pathway and circRNA/miRNA networks. However, these circRNA studies have some potential limitations, mainly lacking a larger sample confirmed by RT-PCR. In addition, the circRNA-miRNA interactions should be confirmed by using the luciferase reporter assay and the enriched pathways should also be evaluated by experimental methods, but not only by bioinformatic methods (60).



Exosomal ncRNAs in Immunological Regulation

Exosomes are considered to be important mediators of cellular communication between the immune cell and cancerous cells (61). Tumor-immune cell interactions shape the immune cell phenotype, with miRNAs, lncRNAs, and circRNAs being crucial components of this crosstalk (Figure 2B). Jiang et al. proposed a novel interplay mode between cancer cells and immunocytes (62). BC tumor exosomal miR-9 and miR-181a activated the JAK/STAT signaling pathway by targeting SOCS3 and PIAS3 respectively, and thus consequentially promoting the development and immunosuppressive function of mice early-stage myeloid-derived suppressor cells (eMDSCs), resulted in T-cell immunity inhibition and tumor progress (62). Xing et al. demonstrated loss of XIST also augmented secretion of BC exosomal miRNA-503, which triggered M1-M2 polarization of microglia to upregulate immune-suppressive cytokines in microglia to suppress T-cell proliferation. Thus, the lncRNA XIST played a critical role in BCBM in a gender-specific manner by influencing both tumor cells and the TME (54).

miR-27a-3p has been acknowledged as an oncogenic RNA in various cancers and is one of the highly enriched miRNAs in BC-derived exosomes. Under endoplasmic reticulum stress, BC cells could produce exosomes containing a high level of miR-27a-3p, which up-regulated PD-L1 in macrophages and thereby promoted immune evasion of BC cells by activating the PTEN/AKT/PI3K axis (63). Jang et al. showed that exosomal miR-16 from 4T1 cells treated with epigallocatechin gallate (EGCG), could be transferred to tumor-associated macrophages (TAMs) via exosome, ultimately leading to reduced tumor growth by inhibiting TAMs infiltration and M2 polarization (64). Exosomes secreted by macrophages shuttle invasion-potentiating miRNAs into BC cells. In the BC cell and macrophage co-culture system, Yang et al. concluded that macrophages exosomal miR-223 promoted the invasion of BC cells via the Mef2c-β-catenin pathway (65). These results have also emphasized the importance of the exosome shuttled between BC cells and TAMs.

Additionally, Ni et al. revealed that BC could modify the CD73 expression on γδT cells in a non-contact manner. BC-derived exosomal lncRNA SNHG16 served as a ceRNA by harboring miR-16-5p to derepress SMAD5, resulted in the conversion of γδ1 T cells into the CD73+ immunosuppressive subtype for favoring BC progress (66). lncRNA BCRT1 was markedly up-regulated in BC tissues, which was associated with poor prognosis in BC patients. lncRNA BCRT1 competitively harbored with miR-1303 to inhibit the degradation of target gene PTBP3, resulted in promoted BC progression (67). Moreover, lncRNA BCRT1 could be transported to macrophages via BC cell exosomes, thereby promoting M2 polarization and enhancing tumor progression.



Exosomal ncRNAs as Promising Diagnostic Biomarkers

Early detection, therapy, and metastasis monitoring are of great importance to a favorable prognosis. Conventional diagnostic programs, such as breast X-ray mammography, ultrasound imaging, and positioning biopsy, usually cause radioactive or invasive damage to patients with limited accuracy. As a non-invasive method, liquid biopsy is convenient for repeated sampling in clinical cancer prognostic, metastatic assessment, and recurrence monitoring. Aberrant expression of ncRNAs profiles in exosomes released into circulating systems especially in plasma and serum are promising candidate biomarkers for BC liquid biopsy.

Lots of studies showed that there were differential expressions of exosomal miRNAs in BC patients and healthy individuals. As miR-155 was up-regulated in the tumor cells of BC patients, particularly the patients with early-stage and TNBCs, the plasma miR-155 could serve as a non-invasive biomarker for non-invasive detection of early-stage BC (68). Given that approximately 20 to 25% of women diagnosed with localized BC (LBC) were subjected to neoadjuvant therapy, it was significant to screen effective biomarkers of liquid biopsy for the diagnosis and prediction of treatment response in BC patients with neoadjuvant therapy. By detecting the circulating tumor cells (CTCs) and serum exosomal miRNAs isolated from blood samples before or after neoadjuvant therapy, a study found that higher levels of exosomal miRNA-21, miRNA-222, and miRNA-155 were significantly correlated with the presence of CTCs, indicating that exosomal miRNAs and CTCs could be a complementary strategy for improving diagnosis and prognosis of patients with neoadjuvant therapy (69). However, in another study, miR-145, miR-155, and miR-382 in exosomes were isolated from the serum of BC patients and healthy donors but were not in a preferential manner in BC patients for detection (12). Although these studies both detected miR-155 as biomarkers in BC by PCR, it seemed to be a potential limitation with certain variations of results, which might attribute to sample differences, exosome abundance, and separation efficiency.

The gene information exchange between cells by exosome-mediated transfer may produce different miRNA patterns. Panels or combinations of specific exosomal miRNAs, combined with other conventional clinical biomarkers or pathological examinations, might improve the BC diagnostic efficiency. Based on a case-control study, Hirschfeld et al. confirmed a panel of 4-variable miRNA signature (miR-424, miR-423, miR-660, and let7-i) as a highly specific combinatory biomarker tool for distinguishing BC patients from healthy controls, with 98.6% sensitivity and 100% specificity (70). Similarly, Li et al. used qRT-PCR to identify 4 plasma miRNAs and 4 serum miRNAs from the miR-106a-363 cluster for BC diagnoses, such as miR-106a-3p, miR-106a-5p, miR-20b-5p, and miR-92a-2-5p, indicating the biomarker potential of exosomal miRNAs (71). By comparing the serum levels of exosomal miRNAs of 50 BC patients and 12 healthy donors, Eichelser et al. also indicated that exosomal miR-101 and miR-373 were linked to differentiation of BC from benign breast diseases (BBDs) or healthy individuals, and the expression level of exosomal miR-373 was higher in TNBC and more aggressive breast carcinomas (70).

Serum exosomal miR-148a might be a promising biomarker for the diagnosis and prognosis prediction for BC. Li et al. reported that serum exosomal miR-148a level was significantly reduced in patients with BC and the decreased exosomal miR-148a was associated with an unfavorable prognosis of BC (72). Li et al. profiled that exosomal miR-122-5p expression was distinctly up-regulated in BC plasma-derived exosomes compared with the adjacent normal tissue samples (73). Exosomal miR-122-5p might be useful as a supplement for the traditional BC diagnostic strategies. Plasma exosome-encapsulated miR-223-3p level was significantly associated with the malignancy of BC, showing the potential function for the early detection of invasive BC (22). Based on the nucleic acid-functionalized Au nanoflare probe, Zhai developed an in the situ detection method of miR-1246 level in human plasma exosomes (74). By using the exosomal miR-1246 as a marker, they successfully differentiated 46 BC patients from 28 healthy controls with 100% sensitivity and 92.9% specificity at the best cutoff (74). Lee et al. also constructed a method of in situ simultaneous detections of exosomal miR-21, miR-27a, and miR-375 by competitive strand displacement (75). This method of clinical serum samples detection could effectively distinguish BC patients from healthy donors. The exosomal miRNA profiles with high levels of cancer-associated sensitivity and specificity are hopeful indicators for prediction and early detection of BC, ultimately reflecting disease information of development, tumor burden, malignant progression towards metastatic recurrence, and drug resistance.

For lncRNA detection, Tang et al. showed that BC patients expressed higher serum exosomal HOTAIR than that in healthy individuals (76). Interestingly, the serum exosomal HOTAIR levels were also markedly decreased 3 months after surgery compared with the levels before surgery. In addition, high expression of exosomal HOTAIR caused a worse disease-free survival and overall survival (76). Zhong et al. detected the levels of lncRNA H19 in serum-derived exosomes by using quantitative RT-PCR (77). This work revealed that exosomal H19 levels were up-regulated in BC patients compared to that in patients with BBDs and healthy controls and that the median serum exosomal H19 levels were significantly decreased in post-operative than that in the pre-operative patients. Moreover, exosomal H19 expression levels were related to lymph node metastasis, distant metastasis, and TNM stages, all indicating the H19 potential as a non-invasive biomarker for BC diagnosis (77).

In conclusion, the exosomal ncRNAs for BC detection are mainly in tumor lesions and blood. Notably, most reports about detection are associated with miRNA, but the lncRNA and circRNAs are rarely studied. Compared with the other biomarkers, exosomal ncRNAs cargoes can avoid degradation by external proteases and other enzymes to keep the quantity and activation. Thus, as exosomal ncRNAs are of high stability, low complexity, and less invasive acquisition, the quantification and characterization of these ncRNAs can serve as a supplementary tool of the non-invasive detection for BC, ranging from early detection, recurrence prediction, metastasis assessment, and therapeutic outcomes.



Drug Resistance

Currently, chemotherapeutic treatments based on hormones, cytotoxic agents, and targeted antibodies are frequently effective in controlling tumor growth and progression. The BC patients who initially respond to these therapies can develop resistance at a later stage. Chemoresistance is the most common obstacle for BC (78). Treatment resistance is not entirely determined by the intrinsic characteristics of tumor cells, but also by the simultaneous actions of many local microenvironmental factors. Emerging evidence emphasized that tumor cells, especially with the phenotype of malignancy and drug resistance, would secrete exosomes containing specific miRNAs, lncRNAs, and circRNAs to non-drug-resistant recipients like cancer cells, immune cells, and even normal stromal cells. Conversely, these nonneoplastic cells could also transmit the exosomes to the cancer cells, which encourages the erosion of cancer cells (79). Therefore, the gene modifications and information exchanges by tumorous exosomal ncRNAs are critical to therapeutic resistance for BC. Meanwhile, it would be very valuable to identify specific exosomal miRNAs involved in resistance to chemotherapeutic agents to make an early prediction warning to chemotherapy possible.


miRNAs in Drug Resistance

Drug-resistant BC cells may spread resistance capacity to adjacent cells partially due to shuttled tumor-derived miRNAs-containing exosomes in TME, highlighting the importance of inhibiting the transfer of exosomal miRNA for BC drug resistance. According to the existing studies, adriamycin (ADR) is a common object for its effect on both survival improvement and inevitable drug resistance in BC. Adriamycin- and docetaxel-resistant BCa cells altered gene expression of sensitive cells and transmitted drug resistance by transferring specific miRNAs contained in exosomes (80, 81). Chen et al. analyzed the differential expression of exosomal miRNAs derived from ADR-resistant (A/exo) and parental BC cells (S/exo), showing that there were 52 novel miRNAs with high expression levels in A/exo involved in transcriptional misregulation in ADR-resistance (82). In another study, MCF-7/S transfected with miR-222 inhibitors lost resistance while miR-222 mimics could acquire ADR resistance, via exosome transmitting (83). Wei et al. also confirmed that the exosomal miR-221/222 enhanced tamoxifen resistance in recipient ER-positive BC cells, while anti-miR-221/222 blocked the propagation of tamoxifen resistance (84). It was consistent that exosomes from MCF-7/Adr and MCF-7/Doc mediated the resistance capacity spread, which was engendered by intercellular transfer of specific miRNA cargoes, represented by miR-222 (85). These results provided a new perspective for the boost of the effectiveness of tamoxifen on BC patients. Pan et al. reported that BC cell-derived exosomal miR-221-3p could promote the resistance of BC cells to ADR via regulating the PIK3R1-dependent PI3K/AKT signaling pathway both in vitro and in vivo (86). Likewise, Yu et al. found that miRNA-222 could be transferred from ADR-resistant BC cells to sensitive BC cells and bestowed them ADR-resistant ability by inhibiting the PTEN signaling pathway (83). Therefore, tumor-derived exosomes are effective in transmitting drug resistance and the delivery of exosomal miR-222 might be a mechanism. PIK3R1 was proven to be a target gene of miR-221-3p and was defined as a DE gene in invasive BC. Exosomal miR-221-3p mediated PIK3R1 downregulation promoted the resistance of BC cells to ADR by suppressing the PI3K/AKT signaling pathway both in vitro and in vivo (86). Li et al. confirmed that miR-770 was a prognostic biomarker in TNBC and was significantly decreased (87). Furthermore, miR-770 could antagonize the ADR-resistance and metastasis via targeting of STMN1 via regulation of apoptosis and EMT, and modified the TME via transportation to tumor-associated macrophage, which was also mediated by exosomes (87). Shen et al. verified that the chemotherapy-induced BC cells to secrete various exosome-contained extracellular vesicle miRNAs, such as miR-9-5p, miR-195-5p, and miR-203a-3p, by binding to ONECUT2 (88). Of particular, docetaxel treatment promoted the expression of miR-9-5p, miR-195-5p, and miR-203a-3p in circulating vesicles and improved the level of stemness-associated genes in mice xenograft mammary tumors, thus proposing the mechanism of interaction and self-adaptive survival of BC cells during cytotoxic therapy (88). In addition, the cisplatin-resistant MDA-MB-231 cell could secrete exosomes to enhance the resistance of recipient BC cells to cisplatin in an exosomal miR-423-5p-dependent manner (89). Through different mechanisms of exosomal miRNA, the resistant BC cell population may be crucial mediators to spread drug resistance features. Together, these findings provide encouraging insight into the exosomal-associated BC drug resistance.

In a clinical study, Del Re et al. addressed that in BC plasma-derived exosomes, the high baseline CDK4 mRNA levels were associated with the response to palbociclib plus hormonal therapy, while the increased expression of TK1 and CDK9 mRNA was associated with clinical resistance (90). It provided the first evidence that early increases in TK1, CDK4, and CDK9 expression of exosomes in HR+/HER2- mBC patients were significantly associated with poorer treatment response and disease progression. Zhong et al. collected preneoadjuvant chemotherapy biopsies and paired surgically-resected specimens and detected that 12 significantly up-regulated miRNAs may contribute to drug resistance of BC (91). O’Brien et al. screened miR-134 as the most substantially down-regulated miRNA that could be used as a biomarker for TNBC and as a potential therapeutic option (92). The miR-134-enriched exosome delivery resulted in HSP90 by targeting STAT5B, cellular migration and invasion, and enhanced sensitivity to anti-HSP90 drugs. Afterward, Chen et al. intended to analyze the miRNA signatures bioinformatically in exosomes from ADR-resistant and parental BC cells and identified the hub genes for up-expressed and down-expressed exosomal miRNAs such as CCND1 and PTEN (93). This bioinformatics study provided a comprehensive view of the function of dysregulated exosomal miRNAs, which might benefit overcoming ADR resistance in BC therapy.

Besides, CSCs are partially contributed to resistance against cancer therapy. Santos et al. found that miR-155 could be isolated from the exosomes of CSCs and resistant cells, followed by exosome transfer of resistant cells to the recipient sensitive cells (94). The result also established the significance of exosomal miR-155 in BC chemoresistance, with implications for targeting miR-155 signaling as a possible therapeutic strategy. Stromal communication by exosomes also orchestrated intricate crosstalk with BC cells to regulate therapy resistance. In accordance with the opinions, Boelens et al. successfully defined an exosome-activated antiviral pathway and cooperated with NOTCH3 to regulate the stroma-mediated expansion of treatment-resistant cells (95).

In summary, the current study of exosomal miRNAs may offer a new mechanism for the understanding of chemoresistance. Identification of BC-specific exosomal miRNAs and their underlying mechanisms will help determine sensitivity to therapeutic drugs and establish an appropriate therapeutic strategy in future BC treatment.



lncRNAs in Drug Resistance

The trastuzumab dramatically improves the clinical prognosis of HER2-positive BC patients, but more and more patients finally become trastuzumab-resistant and experienced undesired progression. As lncRNA expression is critical for the treatment of HER2-positive BC, the trastuzumab-associated resistance may be partially due to the dysregulation of lncRNAs. For instance, Shi et al. identified that lncRNA-ATB up-regulated remarkably in trastuzumab-resistant SKBR-3 cells and the tissues of trastuzumab-resistant BC patients (96). As a mediator of TGF-β signaling, lncRNA-ATB could competitively bind to miRNA-200c and up-regulate the expression of ZEB1 and ZNF-217, resulted in trastuzumab resistance. In another study, the expression level of exosomal lncRNA-SNHG14 was up-regulated in the serum of patients who exhibited resistance to trastuzumab (97). The exosomal lncRNA-SNHG14 promoted the effect of trastuzumab via targeting the apoptosis regulator Bcl-2/Bax. In the in vitro assay, Chen et al. suggested that exosomal lncRNA AGAP2-AS1 could reduce the trastuzumab-induced cell death in sensitive cells (98). Moreover, AFAP1-AS1 was screened out to be up-regulated in trastuzumab-resistant cells compared to sensitive cells. For mechanism, exosomal AFAP1-AS1 could induce trastuzumab resistance by associating with AUF1 and promoting ERBB2 translation (99). Therefore, the AFAP1-AS1 level may be useful for predicting trastuzumab resistance. Wang et al. demonstrated that the intercellular transmission of H19 by exosomes conferred ADR resistance, while downregulation of H19 could sensitize ADR-resistant MCF-7 and MDA-MB-231 cells to ADR (100). It suggested that exosomal lncRNA H19 might be applied as a therapeutic target to overcome chemoresistance in BC patients. Xu et al. elucidated that tamoxifen-resistant BC cells LCC2 secreted lncRNA UCA1-overexpressed exosomes, which could cause resistance to tamoxifen treatment of the MCF-7 cells and decrease apoptosis through reduction of cleaved caspase-3 expression (101). Thus, the exosome-mediated transfer of lncRNA UCA1 led to increased tamoxifen resistance in BC cells. In addition, the high expression of exosomal HOTAIR in BC serum might be correlated with poor neoadjuvant chemotherapy and response to tamoxifen therapy (76).



circRNAs in Drug Resistance

It is well-established that many vital signaling pathways are regulated by circRNAs in BC, specifically in chemoresistant cell lines and clinical samples. For instance, Yang et al. reported that circ-ABCB10 could contribute to paclitaxel resistance of BC cells, via up-regulating DUSP7 by capturing let-7a-5p (102). circBMPR2 might act as the sponge for miR-553 to relieve the inhibition of miR-553 on ubiquitin-specific protease 4 (USP4), thereby restraining the progression of BC and the resistance to tamoxifen (103). Hu et al. demonstrated that circ_UBE2D2 was upregulated in BC tamoxifen-resistant tissues and cell lines, and circ_UBE2D2 deletion mitigated tamoxifen resistance of BC cells (104). Furthermore, circ_UBE2D2 was significant enrichment in resistant cell-derived exosomes and shuttled into parental cells, resulted in enhanced tamoxifen resistance. More importantly, xenograft analysis displayed that exosomal circ_UBE2D2 also enhanced tamoxifen resistance in vivo. By targeting miR-200a-3p, tumorous exosome-mediated transfer of circ_UBE2D2 could enhance tamoxifen resistance of BC cells by regulating cell viability, metastasis, and the level of ERa in vivo and in vitro. However, up to date, the chemoresistance research on tumor-derived exosomal circRNA is rather little.




Conclusions and Perspectives

Functionally, as vital mediators of cell-cell communication, ncRNAs-containing exosomes are pluripotent carriers with intriguing and elaborate roles in BC progression. After being released by parental cell exosomes, ncRNAs shuttle and transfer to neighboring or distant cells for reprogramming TME. In this review, it is highlighted that exosomal miRNAs, lncRNAs, and circRNAs participate in signaling pathways implicated in proliferation, apoptosis, invasiveness, EMT as well as in angiogenesis of recipients, thereby facilitating BC oncogenesis, proliferation, metastasis, and drug resistance (Table 1). Additionally, based on specific de-regulated expression verified by RNA sequencing, bioinformatic analyses, and PCR experiments, these tumor-derived exosomal ncRNAs that existed in blood samples are verified to be excellent candidates for improving early diagnosis, personalized prognosis, and therapeutic monitoring.


Table 1 | The expression pattern, mechanism and clinical value of tumor-derived exosomal ncRNAs in breast cancer.



Up to date, there are still some limitations and challenges in this subject. Firstly, the complex role of exosomal ncRNAs in BC progress remains to be further deeply explored. As TME is a complex entity, different types of cells secrete differential types of exosomal ncRNAs information, it would be an interesting angle that the specific factor is secreted by which cell type to exert the maximum or dominant impact in BC. Given the high level of genetic heterogeneity of BC tumors, understanding the pathogenesis of the key exosomal ncRNAs is meaningful to the development of new therapeutic strategies. Secondly, as the overwhelming priorities of BC-caused deaths result from metastasis, it is of great value to excavate new ncRNAs or exosomal ncRNAs for combating metastasis. It has been proved that BC-derived exosomes are involved in the key steps of primary tumor metastasis and spread, from the oncogenic reprogramming of malignant cells to the formation of the pre-metastasis niche. These effects are achieved by mediating crosstalk between cells and then modifying the local and remote microenvironment in an autocrine and paracrine manner. Identifying the key exosomal ncRNAs in the metastasis process will benefit the precision medicine-based strategies for diagnosis and therapy of BC metastasis (105). Thirdly, studies have emphasized that ncRNAs present an obvious asymmetric distribution in parent cells and their exosomes (106). It means that these regulatory RNAs are selectively encapsulated into exosomes during biogenesis. Coincidentally, Ni et al. suggested a selective and wavelike packaging of miR-16 into exosomes in the different BC subtypes possibly during tumor development and progression (21). Therefore, the DE ncRNAs in exosomes might be of the relatively slight or large difference in expression levels over their parental cells, but still reflecting the different pathological status of BC. However, the mechanism of selective packaging ncRNAs into exosomes needs to be elucidated more clearly. Fourthly, although numerous studies have addressed the characteristics of circRNAs in BC, there are still few reports regarding exosomal circRNAs. Most available circRNA biomarkers are currently not sensitive or specific enough to be applied clinically. The abundance, biogenesis and biological functions, and possible sorting mechanisms and potential roles of exosomal circRNAs in promoting or inhibiting cancer are worth further explorations.

It is also very important for utilizing tumor-derived exosomal ncRNAs as newly-developing diagnostic and therapeutic targets. The difficult part is that it is challenging to analyze candidate exosomal biomarkers in a routine clinical setting, mainly due to the lack of standardization for rapid assays, sources of variability, and methodological issues. Most blood-based biomarker studies are retrospective case-control studies, with small sample sizes, and different sample handling and storage methods due to lack of standardization and large-scale testing, lack of method validation, and non-exosomal contaminants like proteins existence (78). In addition, as sensitivity and specificity are two major standards for an accurate diagnostic tool, the optimal plasma/serum miRNA cut-off levels should be confirmed. In order to systematically prove the clinical utility as diagnostic, prognostic, and predictive biomarkers, it is necessary to quantify miRNAs in large-scale prospective multicenter studies and independent patient cohorts of different tumor stages.

Of particular, the ncRNAs, acting as regulators in shaping cellular activity, are believed to boost the clinical translations. Nevertheless, the promising strategies based on exosomal ncRNA in the field of personalized oncology are still in their infancy. Considering that exosomes are bioavailable, well-tolerable, targetable, and membrane-permeable, they are ideal candidates for delivering miRNAs, proteins, drugs, and other molecules to tumors. The suitability of exosomes as delivery vehicles for BC treatment has been investigated in recent years. For instance, Gong et al. yielded a novel exosome loaded with a chemotherapeutic adriamycin and cholesterol-modified miRNA, which exhibited effective anti-tumor function in MDA-MB-231 cell-represented cells and xenograft (107). Another treatment strategy may be to block the secretion of tumor cell-derived exosomes or to deliver therapeutic ncRNAs to the primary tumor through exosomes. Zhao et al. identified exosomes with lung targeting ability that derived from autologous BC cells accordingly constructed biomimetic nanoparticles CBSA/siS100A4@Exosome. These particles significantly inhibited the growth of malignant BC cells, showing a promising strategy to suppress postoperative BC metastasis (108). Ohno et al. also verified that exosomes were excellent candidates to therapeutically target EGFR-expressing cancerous tissues by efficiently delivering nucleic acid drugs, such as let-7a miRNA (109). Limoni et al. considered that exosomes were the best options for gene targeting and they established modified exosomes to target HER2-positive BC cells by loading siRNA (110). Up to the present, almost all the existing studies are still in the preliminary preclinical stage, including bioinformatics, sample sequencing, and testing, cell and animal experiments. That means that there are no clinically approved exosome-based therapeutics. The continuous exploration in fundamental researches and further clinical trials are urgent for the era of precision oncology in BC patients.

In conclusion, we offer the latest elucidation on the roles and mechanisms of tumor-derived exosomal ncRNAs in tumor growth, metastasis, detection, and drug resistance in BC (Figure 3). Further studies focusing on the tumor-derived exosomal ncRNAs will not only undoubtedly deepen the comprehensive understanding of their behavior, but also contribute to better clinical outcomes for BC-bearing individuals.




Figure 3 | The mechanisms of tumor-derived exosomal miRNAs, lncRNAs, cirRNAs in BC. The tumor-derived exosomal miRNAs, lncRNAs, cirRNAs can shuttle cellular signals from the donor cells to adjacent recipients and then are internalized via exosome-mediated transmission. The tumor-derived exosomal ncRNAs are crucial orchestrators in the intercellular communication within the primary TME and metastasizing niche. The tumor-derived exosomal ncRNAs are essential to modify the cancer cell phenotypes locally or systemically through the exosome-dependent exchange of genetic information. In drug resistance, the characteristics of drug resistance can transfer from drug-resistant cells to drug-sensitive cells, therefore exosomal ncRNAs are critical to therapeutic resistance for BC. These important ncRNAs have been implicated as novel mediators of intercellular communication and as potential biomarkers in BC diagnosis and therapies. miRNAs, MicroRNA; lncRNA, Long-noncoding RNA; circRNAs, circular RNAs; BC, Breast cancer; CAFs, Cancer-associated fibroblasts; NFs, Normal fibroblasts; CSCs, Cancer stem cells; BBB, Blood-brain barrier; TAMs, Tumor-associated macrophages; eMDSCs, Early-stage myeloid-derived suppressor cells.
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We aimed to identify a signature comprising N6-methyladenosine (m6A)-related long non-coding RNAs (lncRNAs) and molecular subtypes associated with breast cancer (BRCA). We obtained data of BRCA samples from The Cancer Genome Atlas database. The m6A-related lncRNA prognostic signature (m6A-LPS) included 10 lncRNAs previously identified as prognostic m6A-related lncRNAs and was constructed using integrated bioinformatics analysis and validated. Accordingly, a risk score based on the m6A-LPS signature was established and shown to confirm differences in survival between high-risk and low-risk groups. Three distinct genotypes were identified, whose characteristics included features of the tumor immune microenvironment in each subtype. Our results indicated that patients in Cluster 2 might have a worse prognostic outcome than those in other clusters. The three genotypes and risk subgroups were enriched in different biological processes and pathways, respectively. We then constructed a competing endogenous RNA network based on the prognostic m6A-related lncRNAs. Finally, we validated the expression levels of target lncRNAs in 72 clinical samples. In summary, the m6A-LPS and the potentially novel genotype may provide a theoretical basis for further study of the molecular mechanism of BRCA and may provide novel insights into precision medicine.
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Introduction

Breast cancer (BRCA) is the most common cancer worldwide and a major contributor to cancer-related death in women. The increasing incidence and therapeutic challenges due to its heterogeneity have made BRCA a global burden (1, 2), especially when triple-negative BRCA (TNBRCA) lacks corresponding molecular targets for therapy (3). Patients with poor prognosis require urgent new therapies; molecular subtype and tumor burden need to be considered in subsequent precision therapy concepts (1).

Among multiple modifications of RNA, N6-methyladenosine (m6A) is the most widespread modification of mRNA and involves all steps of RNA metabolism. It can alter the expression of target genes, making them important regulators of tumor processes (4). Regulators of m6A are divided into three types: writers, readers, and erasers. m6A is a reversible and dynamic RNA modification; crosslinking among the three types of m6A regulators is involved in cancer pathogenesis and progression (5). Recently, many studies have reported advances in understanding the underlying mechanisms of m6A modification in oncogenesis and progression of cancer, including BRCA. For example, ectopic expression of ALKBH5 promotes enrichment of BRCA stem cells under hypoxic conditions (6). By suppressing the upregulation of PD-1, CXCR4, and SOX10 mediated by YTHDF2-degradation, FTO inhibits IFNγ-induced killing and the response of anti-PD-1 blockade immunotherapy in melanoma cells (7). METTL3 has oncogenic effects by modulating nonsense-mediated mRNA decay of splicing factors and alternative splicing isoform switches in glioblastoma (8). Bioinformatics research has indicated that aberrations of m6A regulators are associated with poor prognosis of BRCA (9).

Long non-coding RNAs (lncRNAs), defined as transcripts longer than 200 nucleotides, do not encode proteins. Aberration of lncRNA expression appears to play major roles in cancer, such as promoting tumorigenesis and metastasis (10); for example, lncRNA BRCART1 promotes BRCA progression by targeting the microRNA (miR)-1303/PTBP3 axis (11); activation of lncRNA TINCR by H3K27 acetylation promotes trastuzumab resistance and epithelial-mesenchymal transition by targeting miR-125b in BRCA (12). m6A modification in non-coding RNAs has been reported to play a critical role in major normal bioprocesses, and many lncRNAs modified by m6A have been discovered (13). However, the effect of the interaction between m6A modification and non-coding RNAs in tumors remains unclear, and the potential mechanisms of m6A modification of lncRNAs that affect BRCA progression have scarcely been studied. LncRNAs regulated by m6A modification have not yet been identified in BRCA, and they may provide effective therapeutic targets to improve patient prognosis.

In this study, we integrated bioinformatics analyses to identify and validate a robust and stable molecular signature for survival prediction in BRCA. We constructed and verified the prognostic significance of a risk-scoring model based on 10 m6A-related lncRNAs. Based on the m6A-related prognostic lncRNAs, we divided BRCA samples from The Cancer Genome Atlas (TCGA) into different genotypes and explored the differences between the clusters. Furthermore, we constructed a competing endogenous RNA (ceRNA) network to forecast the target miRNAs and mRNAs of these m6A-related prognostic lncRNAs and attempted to predict the potential function of these lncRNAs through functional and pathway enrichment analyses of target mRNAs.



Materials and Methods


Data Source and Processing

From the TCGA website (https://cancergenome.nih.gov/), RNA expression files (Fragments Per Kilobase of transcript per Million mapped reads [FPKM] normalized), and the corresponding clinical data of BRCA samples and normal samples were obtained. To reduce bias in the statistical analysis in our study, BRCA patients with missing overall survival (OS) values or a follow-up time < 30 days and male BRCA patients were excluded. Finally, we acquired data from 1022 BRCA patients from TCGA. Perl5.30.1 software was used to merge the RNA expression values of each sample into a total matrix file. A list of 23 m6A-related genes was collected based on previous publications, including writers (METTL3, METTL14, METTL16, WTAP, VIRMA, ZC3H13, RBM15, and RBM15B), readers (YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBP1, IGFBP2, IGFBP3, and RBMX), and erasers (FTO and ALKBH5). The expression matrices of 23 m6A-related genes were extracted from the total matrix using R4.0.3 software.



Identification of m6A-Related LncRNAs

From the GENCODE website (https://www.gencodegenes.org/human/release_29.html), Genome annotation files of Genome Reference Consortium Human Build 38 (GRCh38) were downloaded to distinguish lncRNAs from mRNAs in total matrix. m6A-related lncRNAs were screened using the Pearson’s correlation analysis (|Pearson R| > 0.5, p < 0.001). The co-expression network was plotted using the “Cytoscape” software (14). Univariate Cox regression analysis was conducted to identify m6A-related lncRNAs associated with OS, and these lncRNAs were identified as m6A-related prognostic lncRNAs.



m6A-Related Risk Prognostic Signature Model Development

All samples were randomly separated into training and testing sets. To construct a m6A-LPS, we implemented the least absolute shrinkage and selection operator (LASSO) Cox regression analysis via “glmnet” R package in the training set, aiming at dimension reduction to select the most important m6A-related lncRNAs (15, 16). The tuning parameter was selected via ten-fold cross-validation to avoid overfitting of the predicted signal (17). The risk score for each patient was calculated using the following formula:

	

where Coefi is the LASSO Cox regression coefficient for the target m6A-related lncRNAs and xi is the expression (FPKM) value of each lncRNA. According to the median risk score in the training set, all BRCA patient samples were then divided into high-risk and low-risk groups.



Validation of the Risk-Scoring Model and Characteristics Identification of Risk Subtype

To verify the predictive function and value of the model, the Kaplan–Meier log-rank test, time-dependent receiver operating characteristic (ROC) curve analysis, univariate Cox regression analysis, and multivariate Cox regression analysis were performed to compare survival between the high-risk and low-risk groups in the training, testing, and total cohorts. In this part, the “survival”, “timeROC”, and “survivalROC” packages for R were used for analysis, while the “survminer” and “pheatmap” packages for R were used for drawing plots. Next, we implemented principal component analysis (PCA) using R software for both three datasets and using the “ggplot2” package to plot scatter diagrams.

In each subtype with different clinicopathological characteristics, we applied our model to separate the samples into the high- and low-risk groups to conduct stratification analysis which compared survival between the two risk groups in corresponding clinicopathological subtypes. In the total cohort, the expression of the 10 m6A-related lncRNAs in the model was compared between the high- and low-risk groups. The risk score was compared between subgroups of clinicopathological characteristics, genotypes of m6A-related lncRNAs, tumor mutation burden (TMB) conditions, and TP53 gene mutation status using the Wilcoxon test. The TMB for each sample was calculated using the Perl language. The waterfall grams about the mutation status of top 20 mutational genes and m6A regulators were plotted using the “GenVisR” R package (18). The response of clinical common chemotherapeutics were predicted by the “pRRophetic” R package for risk groups (19).



m6A-Related LncRNAs Genotyping Analysis and Characterization

Based on the expression of m6A-related prognostic lncRNAs, a dimensional reduction of lncRNA genotyping was performed by K-means clustering analysis using the “ConsensusClusterPlus” R package (16, 20). We divided n samples into k clusters in which each sample belonged to the cluster with the most similar mean. To determine the construct validity of the genotyping clusters, we employed the Kaplan–Meier log-rank test to compare survival between the clusters. The expression of m6A regulators, tumor microenvironment scores, and TMB were compared using the Kruskal test. The correlations between the different clusters and clinicopathological characteristics were also compared.



Immune Characteristics Analysis of m6A-Related LncRNAs

The expression of human leukocyte antigen (HLA) genes was compared between the different genotypes. The data on the proportions of 22 tumor-infiltrating immune cells in each sample were calculated using xCell, TIMER, quanTiseq, MCP-counter, EPIC, CIBERSORT-ABS, and CIBERSORT for TCGA BRCA samples downloaded from the TIMER 2.0 database website (TIMER (shinyapps.io)). We then analyzed the correlation between tumor-infiltrating immune cells and the expression of the m6A-related lncRNAs and risk score using Spearman’s correlation analysis. We normalized the gene expression files of each BRCA sample to predict the proportions of 22 tumor-infiltrating immune cells in each sample via the “CIBERSORT” R package and selected significant results for further analysis. The Kruskal test was used to analyze differences in tumor-infiltrating immune cells between the three genotypes. The difference expression levels of immune check point genes between risk groups were analyzed using the “limma” R package.



Functional and Pathway Enrichment Analysis

Differentially expressed genes (DEGs) between clusters were screened using the “limma” R package with |log2(Fold change)| > 0.5 and p < 0.05 and gene ontology (GO) term functional enrichment analysis were implemented. Gene set enrichment analysis (GSEA) was performed using “org.Hs.eg.db” R package (21) to explore the biological characterization of different genotypes and the low- and high-risk groups were analyzed similarly.

The target miRNAs of the 13 m6A-related prognostic lncRNAs were predicted using the miRcod database (http://www.mircode.org/) using the Prel programming language. Then, the shared target mRNAs of these miRNAs were screened in miRTarBase, miRD8, and TargetScan databases. DEGs were screened (with |log2(Fold change)| > 0.5 and p < 0.05) using the “limma” R package between BRCA and normal breast tissue (22) to determine the intersection between the DEGs and target mRNAs. We used “Cytoscape” to plot the ceRNA network. To predict the molecular mechanism of m6A-related lncRNAs, all the mRNAs in the intersection were subjected to functional and pathway enrichment analysis, including GO and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses using R software, and the loop graph was drawn using the Sangerbox tools (http://www.sangerbox.com/tool).



Quantitative Real-Time Polymerase Chain Reaction for Clinical Samples

In total, 72 BRCA and normal breast samples were collected from patients who underwent surgical treatment at the Department of Breast and Thyroid Surgery, the Third Xiangya Hospital of Central South University from 2019 to 2021. Forty-eight of the 72 samples included 24 luminal BRCAs, 22 Her-2 positive BRCAs, and 2 triple-negative BRCAs (TNBC). The 24 normal breast tissue samples were obtained from BRCA patients who underwent mastectomy. All the fresh samples were stored in liquid nitrogen. This study was approved by the Medical Ethics Committee of the Third Xiangya Hospital of Central South University. Sample acquisition and usage were implemented in accordance with approved guidelines. Each patient signed an informed consent form.

To validate the expression levels of m6A-related lncRNAs in clinical samples, we extracted total RNA from BRCA and normal breast tissue using RNA TRIzol reagent (Shanghai YEASEN Co., Ltd). cDNA of each sample was obtained using a reverse transcription kit (Guangzhou Ribobio Co., Ltd) according to the manufacturer’s instructions. The LightCycler 480 Real-Time PCR System was used for quantitative real-time polymerase chain reaction (qRT-PCR) analysis. GAPDH mRNA expression was used as an endogenous control, and the 2-ΔΔCT formulation was used to calculate related lncRNA expression levels. The primer sequences of the corresponding lncRNA involved in our study are shown in Table 1.


Table 1 | The quantitative real-time polymerase chain reaction primer sequence.






Results


Data Preparation and Identification of m6A-Related LncRNAs

Expression data of 1022 BRCA samples and 112 normal samples were downloaded from TCGA, from which we obtained data for a total of 13,162 lncRNA expression profiles and 19,322 protein-coding gene expression profiles (Table 2). Next, the expression matrices of 23 m6A regulators were extracted from the total expression matrices. Based on the expression of m6A-related genes, 694 lncRNAs were identified as m6A-related lncRNAs (Figure 1A). Combined with the prognostic information, univariate Cox regression analysis was performed (p < 0.05) to obtain 13 m6A-related prognostic lncRNAs from the 694 lncRNAs (Figure 1B). Most lncRNAs were co-expressed with m6A writers, and no lncRNAs were corelated with m6A erasers. Compared with normal breast tissue, besides AL138789.1, BRCA tissue had lower expression levels of these lncRNAs (Figure 1C). To analyze the effect of the 13 lncRNAs on OS of BRCA, we performed the Kaplan– Meier survival analysis and the results showed that higher expression of LRRC8C-DT, AL51319.1, AL136531.1, and COL4A2-AS1 and lower expression of OTUD6B-AS1 were associated with better OS in the overall cohort of BRCA patients (Figures 1D–H). Other lncRNAs had no significant effect on OS of BRCA.


Table 2 | Clinical baseline of 1022 breast cancer patients included in study from The Cancer Genome Atlas dataset.






Figure 1 | (A) The co-expression network of the N6-methyladenosine (m6A) regulators (red) and their target long non-coding RNAs (lncRNAs) (blue) (|Pearson R| >0.5, p < 0.001). (B) Forest plot of the prognostic ability of the 13 m6A-related lncRNAs. (C) The box plot reveals the expression level of the 13 prognostic m6A-related lncRNAs between breast cancer (BRCA) and normal breast tissue samples. *p < 0.05, **p < 0.01, and ***p < 0.001. (D–H) Kaplan–Meier curves showing that patients with different expression levels of the five of the 13 prognostic m6A-related lncRNAs had different overall survival. (I, J) Least absolute shrinkage and selection operator regression were performed and calculated the minimum criteria.





Construction of the m6A-LPS Model

All the BRCA patient samples were randomly divided into the training and testing sets at a ratio of 7:3, which resulted in 718 samples in the training set (Supplementary Table S1) and 304 samples in the testing set (Supplementary Table S2). To construct the m6A-LPS model for predicting survival risk and OS of BRCA patients, we obtained a signature that contained 10 lncRNAs from the 13 m6A-related prognostic lncRNAs in the training set (Figures 1I, J). For each patient, a risk score was calculated based on the coefficient and expression of these 10 lncRNAs. Risk score = (-0.30*LRRC8C-DT) + (0.76*AL138789.1) + (-0.10*AC018926.2) + (-0.08*AL513190.1) + (-0.02*AL021578.1) + (-0.29*ZBTB40-IT1) + (-0.57AC004846.2) + (0.01*OTUD6B-AS1) + (0.69* AL592301.1) + (-0.50*ZNF197-AS1). Finally, the risk scores of all the BRCA patients we calculated ranged from 0.03 to 28.39, and the median value was 0.78.



Validation of the m6A-LPS Model

BRCA patients were divided into low- and high-risk groups based on the median value of the risk scores in the training set. The BRCA patients in the high-risk group had lower OS rates and shorter OS indicated by Kaplan–Meier survival curves (Figures 2A–C). The risk score and survival status of each BRCA patient were represented by risk curves and scatter plots, respectively, in the training, testing, and total cohorts. Compared with the low-risk group, the high-risk group was associated with higher mortality. The risk heatmap showed that the expression of AL138789.1 and OTUD6B-AS1 increased with increasing risk score, whereas the expression of LRRC8C-DT, AC018926.2, AL51319.1, AL021578.1, ZBTB40-IT1, AC004846.2, AL592301.1, and ZNF197-AS1 decreased with increasing risk score (Figures 2D–F). The training, testing, and total cohort showed similar results.




Figure 2 | (A–C) Kaplan–Meier curves showing that the high-risk subgroup had worse overall survival than the low-risk subgroup in the training, testing and total cohort. (D–F) Distributions of risk scores and survival status, and the risk heatmap of m6A-related lncRNA prognostic signature (m6A-LPS) expression of BRCA patients in the training, testing and total cohort. (G–I) Time-dependent receiver operating characteristic (ROC) curves of m6A-LPS for predicting 1/3/5/10-year survival in the training, testing and total cohort.



The ROC curves demonstrated the promising predictive ability of the m6A-LPS model for BRCA patient survival in the training set (1-year AUC=0.713, 3-year AUC=0.659, 5-year AUC=0.598, and 10-year AUC=0.649), and similar trends were observed in the test set and overall cohort (Figures 2G–I). These results indicated that the m6A-LPS model had a stable and strong predictive ability for OS in BRCA patients.

A diacritical pattern between the low- and high-risk groups was demonstrated by PCA in the three cohorts. There may be a difference in the m6A modification status of lncRNAs between the risk subgroups (Figures 3A–C).




Figure 3 | (A–C) Principal component analysis of the m6A-LPS expression in the training, testing and total cohort. (D) Consensus clustering cumulative distribution function (CDF) for k = 2 to 9. (E) The relative change in area under the CDF curve for k = 2 to 9. (F) Consensus matrix heatmap plots when k = 3. (G) The box plot showing the expression level of the 13 prognostic m6A-related lncRNAs between three genotypes. (H) The box plot showing the expression level of 23 m6A regulators between three genotypes. *p < 0.05, **p < 0.01, and ***p < 0.001. ns, no significance. (I) Kaplan–Meier curves showing that the Cluster 2 had worse overall survival than the other two clusters.





Identification and Comparison of Gene Expression of the m6A-Related LncRNAs Genotype

To explore the m6A modification patterns for lncRNAs, K-means clustering analysis was performed to obtain appropriate grouping according to the expression of 13 m6A-related prognostic lncRNAs. The total cohort was stratified into three groups: Cluster 1 (n = 675), Cluster 2 (n = 50), and Cluster 3 (n = 297) (Figures 3D–F). The results of correlation analysis between clinical characteristic and genotypes shown in the heatmap which helped to realize the traits of the populational constitution in each cluster at the same time (Supplementary Figure S1). The box plot showed differential expression levels of AL138789.1, AL51319.1, AC004846.2, and OTUD6B-AS1 (m6A-related prognostic lncRNAs) between the two genotypes (Figure 3G), and except for RBM15B, HNRNPC, IGFBP1, IGFBP2, FTO, and ALKBH5, the expression of the other m6A regulators showed significant difference (Figure 3H). This indicated that there was a diversity of m6A modification patterns for lncRNAs in BRCA. Kaplan–Meier survival curves showed that BRCA patients belonging to Cluster 2 had worse survival (Figure 3I).



The Correlation of m6A-LPS Model and Clinicopathological Features

To verify whether there is a correlation between clinicopathological features and risk scores associated with the m6A-LPS model, we performed the Wilcoxon test and Kruskal–Wallis test, and the results showed that BRCA patients with younger age, higher American Joint Committee on Cancer (AJCC) (23) stage level and TMB, lower immune score and tumor purity, mutation type of TP53, wild-type PIK3CA, and Cluster 2 of m6A-related lncRNA genotypic subgroup had higher risk scores (Figures 4A–H), whereas the mutation status of BRCA1/2 did not correlate with the risk score (Figure 4J). Compared with other clinicopathological features, the results of the multi-index ROC curve further supported the strong predictive ability of our model (AUC = 0.717) (Figure 4I).  To further evaluate the prognostic value of the m6A-LPS model, stratification analysis was performed to verify whether the model retained its ability to forecast OS in various clinicopathological subgroups. Next, we confirmed that the m6A-LPS model retained its ability to predict OS for BRCA patients with age older than 35 years, luminal BRCA type, Her-2 positive BRCA type, TNBRCA, higher TMB, TP53 mutant type and PIK3CA wild-type, Cluster 1 of m6A-related lncRNAs genotype, as well as both patients with lower and higher AJCC TMN stage (Figures 5A–J). To make the Figure in the correct sequence, we moved this text to the front. These results demonstrated that our model is a stable and potentially predictive tool for patients with BRCA.




Figure 4 | (A–H) Patients with different clinicopathological features (including age, American Joint Committee on Cancer [AJCC] stage level, tumor mutation burden (TMB), immune score, tumor purity, m6A-related lncRNAs genotypes, TP53 mutation status, and PIK3CA mutation status) had different levels of risk scores, calculated based on the m6A-related lncRNA prognostic signature (m6A-LPS). (I) Time-dependent ROC curves for the risk score, age and AJCC stage level and T/M/N stage. (J) Heatmap of the correlations between the risk score and clinicopathological features. *p < 0.05, **p < 0.01, and ***p < 0.001.






Figure 5 | (A–J) The m6A-LPS retained its ability to predict overall survival (OS) in multiple subgroups of BRCA patients (including patients aged > 35 years, patients with luminal type, Her-2 positive type and TNBRCA, patients with higher TMB, patients with mutant type TP53 and wild-type PIK3CA, patients with Cluster 1, and patients with a higher or lower AJCC stage level). (K, L) Univariate and multivariate analyses demonstrated that risk score based on the m6A-LPS was an independent prognostic predictor.





Assessment of the m6A-LPS Model as an Independent Prognostic Factor for BRCA Patients

Based on the results of univariate and multivariate Cox regression analyses, we confirmed that the m6A-LPS model could be regarded as an independent prognostic factor for BRCA patients. In contrast, TMB and mutations in TP53, PIK3CA, and BRCA 1 cannot serve as independent prognostic factors for BRCA patients. The higher risk score, younger age, and higher AJCC stage level were significantly associated with worse survival in univariate Cox regression. The statistical significance of risk score and AJCC stage level were further verified in multivariate Cox regression; however, age was excluded (Figures 5K, L). The m6A-LPS model should serve as a reliable independent prognostic factor for OS in BRCA patients.



Somatic Mutation in Breast Cancer and TMB Value Estimation

First, we extracted the variation in each TCGA BRCA sample to obtain the mutation status of each gene in 872 (88.4%) out of 986 samples. The waterfall diagram revealed that missense mutations, frameshift inserts, and frameshift deletions were common, and we integrated data of m6A-related lncRNA genotypic and risk subgroups to display the somatic mutation status of the top 20 higher mutation rate genes in 789 BRCA samples of the intersection (Figure 6Aa). The somatic mutation status of the m6A genes is shown in the waterfall diagram; similarly, ZC3H13, LRPPRC, YTHDF1, and FMR1 had mutation rates > 10% (Figure 6Ab).




Figure 6 | (A) Waterfall plot displays the frequently mutated genes in BRCA from The Cancer Genome Atlas dataset. The left panel shows the genes ordered by their mutation frequencies (including (a) the genes with top 20 mutation rate and (b) m6A regulators). The right panel presents different mutation types. (B) The heatmap demonstrated the correlations between each dysregulated immune microenvironment infiltration cell type and each m6A-related lncRNAs. (C) The box plot showing the expression level of HLA genes between three genotypes. (D–F) The box plot displays immunocytes (including naive B cells, CD8+ T cell and MO macrophages) with significant difference of infiltration level between the three genotypes. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. ns, no significance.





Immune-Related Characteristic Analysis

To investigate the immune characteristics mediated by m6A-related lncRNAs, we found that m6A-related lncRNAs were closely associated with many immune cells, according to the results of the correlation analysis (Figure 6B); for example, the expression levels of LRRC8C−DT were positively correlated with M0 and M2 macrophage abundance but negatively correlated with CD8+ T cell abundance, signifying that the increasing infiltration of CD8+ T cells in the BRCA tissue with a lower expression level of LRRC8C−DT than that in the normal breast tissue.

The different expression of HLA genes may reflect coincident immune microenvironment characteristics in m6A-related lncRNA genotypes: Cluster 1 had the highest HLA gene expression, Cluster 2 had the lowest HLA gene expression, and Cluster 3 was in the middle (Figure 6C). The Kruskal test was performed to compare the tumor-infiltrating immune cells between the clusters; we found a higher abundance of naive B cells and CD8+ T cells in Cluster 1, and a higher abundance of M0 macrophages in Cluster 2 (Figures 6D–F).

Spearman’s correlation analysis was employed to analyze the relevance between the risk score of BRCA patients and the abundance of tumor-infiltrating immune cells, which was calculated using seven software programs, and the statistically significant results (p < 0.05) are displayed in the bubble diagram (Figure 7A). We found that the abundance of CD4+ and CD8+ T cells was negatively correlated with the risk score for most software. The tumor microenvironment score was calculated based on normalized gene expression files of each sample and was compared using the Kruskal test. Based on the results, we found that Cluster 2 had lower immune and stromal scores but a higher tumor purity; in contrast, Cluster 1 had higher immune and stromal scores but a lower tumor purity (Figures 7B–E). The immune checkpoint genes, including CD200, ICOS, PDCD1LG2, and CD276, had higher expression in the high-risk group, and the expression of CD44 was higher in the low-risk group (Figure 7F). The above results indicate that each group has special immune characteristics and confirm that the modification of m6A methylation lncRNAs plays an indispensable role in the formation of the tumor immune microenvironment in BRCA.




Figure 7 | (A) The bubble plot demonstrated the correlations between each dysregulated immune microenvironment infiltration cell type and risk score based on m6A-LPS. (B–E) The box plots display the difference of immune microenvironment score (including immune score, stomal score and tumor purity) between the three genotypes. (F) The box plot showing the different expression level of immune check point genes between the risk subgroups. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. ns, no significance.





Drug Sensitivity Assessment

To determine the appropriate chemotherapy or other agents for BRCA patients, we performed a drug sensitivity analysis to compare the half maximal inhibitory concentration (IC50) between risk groups. We found that, except for lapatinib, the low-risk group was more sensitive to doxorubicin, docetaxel, capecitabine, cisplatin, gemcitabine, vinorelbine, and palbociclib (Figures 8A–H). We suspect that the effect of tyrosine kinase inhibitors (TKIs) is superior in high-risk groups.




Figure 8 | (A–H) The box plot showing the difference of drug half maximal inhibitory concentration (IC50) (including doxorubicin, docetaxel, capecitabine, cisplatin, gemcitabine, lapatinib, vinorelbine and palbociclib) between risk subgroups. (I) The bubble plot demonstrated the underlying biological function characteristics diversity among the three m6A-related lncRNA genotypes. (a) The differences of gene ontology (GO) term enrichment score between Cluster 1 and Cluster 2. (b) The differences of GO term enrichment scores between Cluster 1 and Cluster 3. (c) The differences of GO term enrichment score between Cluster 2 and Cluster 3. (J) The bubble plot demonstrated the underlying biological function characteristics diversity among risk subgroups that the differences of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment score between high- and low-risk groups.





GSEA

GSEA for the m6A-related lncRNA genotypes was performed to exploit the potential biological processes and pathways leading to molecular heterogeneity between m6A-related lncRNA genotyping. The GO results of comparison in pairs revealed molecular heterogeneity between the 3 m6A-related lncRNA genotyping. We found that many translation-related biological processes (BPs) were enriched in Cluster 1, cell cycle-and mitosis-related BPs were enriched in Cluster 2, and muscle fiber and apoptosis-related BPs were enriched in Cluster 3 (Figures 8Ia–c).

We similarly implemented GSEA for the different risk groups to show that KEGG pathways involving DNA replication, cell cycle, drug metabolism, were significantly enriched in the high-risk group. MiRNAs in cancer and RNA transport were enriched in the low-risk group (Figure 8J). This may provide some insights into the potential function of m6A-related lncRNAs.



Differential Analysis for m6A-Related LncRNA Genotypes and Functional Enrichment Analysis

To further define the differences in biological characteristics between m6A-related lncRNA genotypes, DEGs in the intersection of three genotypes compared in pairs were excluded, resulting in 717 DEGs (Figure 9A). We discovered that these DEGs were enriched in GO-BPs, such as signaling receptor activator activity, receptor–ligand activity, and some forms of enzyme activity (Figure 9B). This provided further insight into the differences between these genotypes.




Figure 9 | (A) The Venn diagram displays the differentially expressed genes (DEGs) of the three m6A-related lncRNA genotypes. (B) The circle plot demonstrates the enriched GO terms of the DEGs for the m6A-related lncRNAs genotypes. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.





Construction of the ceRNA Network Based on m6A-Related Prognostic LncRNAs and Functional Enrichment Analysis

To explore the potential function of m6A-related prognostic lncRNAs and how they regulate mRNA expression by sponging miRNAs to participate in BRCA progression, we constructed a ceRNA network based on the 13 m6A-related prognostic lncRNAs that were screened by univariate Cox regression analysis. Three of the 13 lncRNAs from the miRcode database had 48 pairs of interactions with the seven interactive miRNAs. All three lncRNAs were co-expressed with the m6A writer RBM15. In total, 538 target mRNAs of the seven miRNAs were identified from the miRTarBase, miRDB, and TargetScan databases simultaneously. Taking the intersection of all the target mRNAs and the DEGs between BRCA and normal breast tissue together, we obtained 62 target mRNAs to construct the ceRNA network. Finally, our ceRNA network included three lncRNAs, seven miRNAs, and 62 mRNAs (Figure 10A).




Figure 10 | (A) The competing endogenous RNA network of one m6A regulates (orange) and three m6A-related lncRNAs (red) and their target miRNAs (purple) and mRNAs (green). (B) The bubble plot demonstrated the target mRNAs underlying biological function characteristics that enrich in the GO term. (C) The circle plot demonstrates the KEGG pathways involving the target mRNAs. [D (a–d)] Expression of m6A-related prognostic lncRNAs (including LRRC8C-DT, ZNF197-AS1, OTUD6B-AS1 and COL4A2-AS1) in breast cancer tissue and normal breast tissue carried out by quantitative real-time polymerase chain reaction. *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.



Moreover, functional enrichment analysis, including GO term analysis and KEGG pathway analysis of the 62 target mRNAs, was performed. We found that these genes were enriched in chemorepellent activity, protein phosphatase binding, nuclear receptor activity, and protein tyrosine kinase activity (GO Biological Processes), mitogen-activated protein kinase (MAPK) signaling pathway, cellular senescence, miRNAs in cancer, transcriptional dysregulation in cancer, Ras signaling pathway, etc. (KEGG pathway). All these data could guide us in new directions for further studies to determine the potential functions of these m6A-related lncRNAs in BRCA. In addition, KEGG pathway analysis revealed that these target genes were associated with multiple malignant tumors including prostate cancer, renal cell carcinoma, non-small cell lung cancer, endometrial cancer, acute myeloid leukemia, and glioma (Figures 10B, C).



Validation of the Expression Level of Four m6A-Related Prognostic LncRNA in BRCA Clinical Samples

According to the difference analysis, the expression levels of m6A-related lncRNAs between BRCA and normal breast tissue were significantly different. To verify this result, we performed RT-qPCR assay to detect four of the 13 m6A-related prognostic lncRNA expression levels in the 72 clinical samples we collected, including 48 BRCA samples and 24 normal breast samples. The results of RT-qPCR in accordance with the difference analysis showed that LRRC8C-DT, ZNF197-AS1, OTUD6B-AS1, COL4A2-AS1 was downregulated in BRCA samples and upregulated in normal breast samples (Figures 10Da–d).




Discussion

Recently, m6A modifications have been reported to not only affect cleavage, transport, stability, and degradation processes of non-coding RNAs, including lncRNAs, but they may also regulate biological cell functions by aberrant expression of lncRNAs (13). These processes may also be involved in diseases such as cancer. In the present study, we screened 13 m6A-related prognostic lncRNAs associated with BRCA including AL136531.1, LRRC8C-DT, AL138789.1, COL4A2-AS1, AC018926.2, AL513190.1, AL021578.1, ZBTB40-IT1, AC005104.1, AC004846.2, OTUD6B-AS1, AL592301.1, and ZNF197-AS1. Moreover, we explored the functional significance of these lncRNAs. The expression of each of these lncRNAs was significantly correlated with the survival of BRCA patients respectively demonstrated by the univariate Cox regression analysis. Especially, there was further proof of LRRC8C-DT, AL51319.1, AL136531.1, COL4A2-AS1, and OTUD6B-AS1 being correlated with survival. Among these lncRNAs, most were reported to serve as markers in our study for the first time. The lncRNA ZBTB40-IT1 was previously validated to modulate osteoporosis GWAS risk SNPs (rs34920465 and rs6426749) and plays a critical role in bone metabolism that suppresses osteogenesis (24). COL4A2-AS1 can serve as a biomarker in BRCA, and its high expression is related to poor prognosis (25). According to previous reports, OTUD6B-AS1 participates in different mechanisms in multiple tumors, such as inhibiting clear cell renal cell carcinoma proliferation via the Wnt/beta-catenin signaling pathway and targeting corresponding miRNAs to act on thyroid carcinoma, bladder cancer, hepatocellular carcinoma, and colorectal carcinoma (24, 26–28).

Furthermore, we identified a novel molecular signature comprising 10 lncRNAs based on 13 m6A-related prognostic lncRNAs through Cox and LASSO regression analyses and validated them. Kaplan–Meier survival curves indicated a significant divergence in patients who were divided into high- and low-risk groups. Time-dependent ROC curves demonstrated that our m6A-LPS was optimal in different cohorts. Moreover, we used a series of analyses to reveal that m6A-LPS can be an independent predictive marker and demonstrated the reproducibility and reliability of m6A-LPS for BRCA prognosis. Unfortunately, we could not find an association between our risk model and the mutation of BRCA1/2. The reasons may be that the mutation rate of BRCA1 and BRCA2 in the general population is only 0.1–0.2% and 0.8–4.4% in all BRCA cases, respectively (29, 30). The results of the drug sensitivity analysis showed that the high-risk group was sensitive to lapatinib, which means that the effect of TKI is superior in high-risk groups. In addition, GSEA revealed that the low-risk group was significantly enriched in pathways such as the Janus kinase/signal transducer and activator of transcription signaling pathway, MAPK signaling pathway, Notch signaling pathway, and FC epsilon RI signaling pathway. We believe that m6A-LPS plays a crucial role in the molecular mechanisms of oncogenesis, progression, and prognosis of BRCA. These results confirm that m6A-LPS may provide a reliable prognostic marker and a theoretical basis for the mechanism of BRCA. Despite including training and testing sets to ensure the reliability of results, our study has several limitations. Additional in vitro and in vivo experiments are needed to further confirm the interaction between these lncRNAs and m6A-related genes and how these interactions affect the pathological progress in tumors, especially in BRCA.

In addition, we tried to identify the underlying m6A-related genotype of BRCA and obtained three subtypes (Cluster 1, Cluster 2, and Cluster 3) based on the expression of 13 m6A-related prognostic lncRNAs. To further explore the different biological characteristics between the genotypes and determine the correlation between these features and m6A-related lncRNAs, we performed a series of analyses and obtained abundance results. We found that most m6A regulators displayed a significantly higher expression status in Cluster 2 than in Clusters 1 and 3. In Cluster 2, the expression of OTUD6B−AS1 and AL138789.1 was higher, while that of AL513190.1 and AC004846.2 was lower. These results suggested that these four lncRNAs are closely correlated with m6A modification. We then assessed tumor-related features in the three clusters. We found that each cluster had unique immune characteristics. Cluster 2 showed a lower immune infiltration level except for M0 macrophages, but a higher tumor purity. The difference analysis of HLA genes showed the same trend: Cluster 2 had the lowest expression level of HLA genes. The test revealed that Cluster 2 exhibited a lower survival risk than other clusters, and the Kaplan–Meier log-rank test showed that Cluster 2 had a worse survival outcome. It is worth noting that there were just 50 patients in Cluster 2. But the correlation analysis between clinical characteristics and genotypes indicated that the BRCA patients with high TMB having a higher proportion in Cluster 2, which would reinforce the association results about the BRCA samples in Cluster 2 with a worse prognosis. Maybe we will amplify the sample size in future analyses to enhance the statistical strength and the reliability of the underlying m6A-related genotype. The role of m6A modification in immunity, especially in infiltrating immunocytes of the tumor microenvironment, has been identified and continues to be researched (31). It has been reported that a lower immune score, which represents a worse immune microenvironment, most likely leads to tumor immune escape with a lower survival rate and a higher recurrence rate (32). This is consistent with the results of our study. This indicates that the m6A-related lncRNA genotype identified in this study may be closely correlated with the immune microenvironment of BRCA. We found that many translation-related BPs were enriched in Cluster 1, cell cycle-and mitosis-related BPs were enriched in Cluster 2, and muscle fiber and apoptosis-related BPs were enriched in Cluster 3. DEGs of the three genotypes were enriched in GO-BPs, such as signaling receptor activator activity, receptor–ligand activity, and some kinds of enzyme activity. These results may point to a direction for further research.

Finally, we identified target miRNAs and mRNAs for three of the 13 m6A-related prognostic lncRNAs and performed enrichment analysis to explore the potential molecular functions and pathways of m6A-related lncRNAs. The target mRNAs were enriched in pathways such as Ras protein signal transduction and regulation of apoptotic signaling pathway, miRNAs in cancer, further confirming that the three lncRNAs play an important role in the mechanism of BRCA. The mechanism of m6A modification of lncRNAs or the interaction between m6A-related genes and lncRNAs is unclear. It has been reported that m6A modifications may modulate the function of lncRNAs by providing a binding site for the m6A reader proteins or by modulating the structure of the local RNA to induce RNA-binding protein entry, and might also regulate the relationship between lncRNAs and specific DNA sites by affecting the RNA-DNA triple helix structure (13). In the current study, the three m6A-related prognostic lncRNAs involved in the ceRNA network were correlated with RBM15. A recent study showed that XIST could regulate the transcriptional silencing of genes by forming the RNA-binding protein 15 (RBM15)/RBM15B-WTAP-METTL3 complex, which recruits the silencing complex. In addition, knocking down METTL3 or RBM15 reduced the level of m6A modifications on specific transcripts and this resulted in the inactivation of the lncRNA X chromosome (33). Therefore, we believe that the m6A regulator RBM15 plays an important role in lncRNA m6A modification, and the mechanism is worthy of further research.

In conclusion, we identified 13 target lncRNAs associated with BRCA survival; among these, 10 lncRNAs were used to build a prognostic model with m6A modification acting as a novel prognostic clinical trait to predict survival outcome for BRCA patients. Further, we discovered three genotypes relevant to m6A modification lncRNAs, which may provide new insights for precision treatment. Finally, we believe that our results can provide a theoretical basis for further research, and we plan to pursue further studies.
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Background

Breast cancer (BRCA) is the most common cancer in women, while the bones are one of the most common sites of metastasis. Although new diagnostic methods or radiation or chemotherapies and targeted therapies have made huge advances, the occurrence of bone metastasis is also linked with poorer survival. Enhancer RNAs (eRNAs) have been demonstrated to participate in the progression of tumorigenesis and metastasis. However, the role of eRNAs in BRCA bone metastasis remains largely unclear.



Method

Gene expression profiling of 1,211 primary BRCA and 17 bone metastases samples were retrieved from The Cancer Genome Atlas (TCGA) database, and the significant prognostic eRNAs were identified by Cox regression and least absolute shrinkage and selection operator (LASSO) regression. The acceptable accuracy and discrimination of the nomogram were indicated by the receiver operating characteristic (ROC) and the calibration curves. Then target genes of eRNA, immune cell percentage by CIBERSORT analysis, immune genes by single-sample gene set enrichment analysis (ssGSEA), hallmark of cancer signaling pathway by gene set variation analysis (GSVA), and reverse phase protein array (RPPA) protein chip were used to build a co-expression regulation network and identified the key eRNAs in bone metastasis of BRCA. Finally, Cell Counting Kit-8 (CCK8) assay, cell cycle assay, and transwell assay were used to study changes in cell proliferation, migration, and invasiveness. Immunoprecipitation assay and Western blotting were used to test the interaction and the regulation signaling pathways.



Results

The 27 hub eRNAs were selected, and a survival-related linear risk assessment model with a relatively high accuracy (area under curve (AUC): 0.726) was constructed. In addition, seven immune-related eRNAs (SLIT2, CLEC3B, LBPL1, FRY, RASGEF1B, DST, and ITIH5) as prognostic signatures for bone metastasis of BRCA were further confirmed by LASSO and multivariate Cox regression and CIBERSORT analysis. Finally, in vitro assay demonstrated that overexpression of SLIT2 reduced proliferation and metastasis in BRCA cells. Using high-throughput co-expression regulation network, we identified that SLIT2 may regulating P38 MAPK/c-Fos signaling pathway to promote the effects of metastasis.



Conclusion

Based on the co-expression network for bone metastasis of BRCA, we screened key eRNAs to explore a prognostic model in predicting the bone metastasis by bioinformatics analysis. Besides, we identified the potential regulatory signaling pathway of SLIT2 in BRCA bone metastasis, which provides a promising therapeutic strategy for metastasis of BRCA.
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Introduction

Breast cancer (BRCA) is the most common cancer in females, and it can also affect males (1). In the last decade, new diagnostic methods, such as BRCA surgery, radiation, chemotherapy, hormone therapy, targeted chemotherapies, and immunotherapy, have made huge advances, but patient survival decreases markedly once cancer cells spread to various parts of the body, which is referred to as metastasis (2). In patients with metastatic disease, bone is the most common site of metastasis and the most common site of first distant relapse, with roughly half (48%) of BRCA patients developing bone metastases after treatment (3). Dormant cancer cells in bone are unable to actively divide and evade cytotoxic therapy, leading to most tumor recurrence and treatment failure (4). Although the tumor lines failed to grow progressively, they formed small dormant microscopic foci maintained at constant mass by balanced proliferation and apoptosis (5). Key factors inducing bone metastases include the tumor microenvironment (TME), intrinsic tumor cell factors, tumor-specific immune response, or angiogenesis (6). It is essential to investigate the potential tumorigenic and metastatic mechanisms of BRCA and subsequently to identify the prognostic biomarkers and therapeutic targets underlying the interplay between these factors. Great progress in the development of molecular biology techniques makes the prognosis of bone metastasis of BRCA much more convenient. In this study, prognostic biomarkers that associate with bone metastasis of BRCA were identified.

BRCA bone metastasis includes a series of complex interactions between BRCA cells and TME, which will affect the biological effectiveness and promote distal metastatic tumor growth (7). One particularly important theory of metastasis is “seed and soil” by Stephen Paget, which was made in 1889 (8). He hypothesized that a small population of tumor cells with augmented metastatic abilities is the “seed”, while the distant secondary site provides appropriate conditions for development of organ-specific metastases, which means the “soil”. Biological studies have identified important molecular interactions including growth factors, guidance molecules, chemokines, and signaling pathways between the tumor cells (seed) and TME (soil) (9). However, the molecular mechanisms of seed–soil in BRCA bone metastases still need to be further investigated.

With the update of the second- and third-generation sequencing technologies, non-coding RNAs (ncRNAs) have since gained considerable attention due to their ability to regulate gene expression. Enhancer RNA (eRNA) is a type of ncRNA transcribed from the enhancer (10). Enhancer is a kind of DNA sequence that activates the transcription of a target gene by interacting with target gene promoter and plays important roles in human diseases (11). Previous studies have demonstrated the potential role of eRNAs altering by oncogenes and signaling pathways activating in human cancers (12). EN1 is highly expressed in the BRCA (13) and ESR1 can globally increase eRNA transcription in BRCA (14). Oncogene-induced eRNAs like TAOK1 are associated with overall survival (OS) in kidney renal clear cell carcinoma and can directly promote tumorigenesis (15). Tumor suppressors can also induce eRNAs to contribute to tumor repression processes. CELF2 is highly expressed in stomach adenocarcinoma (16). Taken together, eRNAs play significant roles in tumor progression, which indicate the clinical use of eRNA-related therapy.

As a cellular environment, the TME is composed of endothelial cells, immune cells, mesenchymal cells, inflammatory mediators, and extracellular matrix molecules (17). TME is associated with induction of metastasis, immune system suppression, escape from immune detection, and drug resistance of BRCA (18). Nowadays, many computational methods support the analysis of tumor immune landscape of gene expression and immunological cell types in TME by CIOBSORT algorithm (19). Based on the development of bioinformatics, the differential expressed eRNAs and the regulatory signaling pathway were identified from The Cancer Genome Atlas (TCGA) databases between BRCA bone metastasis patients and primary tumors. Moreover, we also establish a complete protein–protein interaction network to reveal the downstream mechanisms of further exploring the prognostic biomarkers and therapeutic targets to provide a basis and reference for the prognostic risk of BRCA bone metastasis. Interestingly, we found that low level of SLIT2 expression promotes BRCA cell proliferation and leads to a metastatic process through MAPK/c-Fos signaling pathway. This study provides a promising strategy for the prediction of BRCA bone metastasis.



Methods and Materials


Data Extraction

The RNA-seq profiles of 1,211 primary BRCA and 17 bone metastases tissue were downloaded from TCGA (https://tcga-data.nci.nih.gov) in formats of Fragments Per Kilobase per Million (FPKM) and raw counts. Phenotype data including demographics (age at diagnosis, gender, and ethnicity), tumor information (neoplasm histologic grade, clinical stage, and Union for International Cancer Control/American Joint Committee on Cancer (UICC/AJCC) TNM classification) and outcome data (survival time and vital status) were also retrieved from the database.



Differential Expression Analysis and Functional Enrichment Analysis

Edge R algorithm was applied to identify the differentially expressed genes (DEGs) between 1,211 primary BRCA and 17 BRCA bone metastasis tissue samples (20). Genes with |log2 fold change (FC)| >1.0 and false discovery rate (FDR) value <0.05 were defined as DEGs. DEG analysis between the two groups was also performed. Besides, Gene Oncology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional enrichment analysis were utilized to explore the signaling pathways and biological processes that enriched DEGs (21).



Validation of Immune Clustering Among Enhancer RNAs

The expression of differential eRNAs between primary BRCA patients and BRCA bone metastasis samples and the correlation in 22 immune cell types was determined by cell-type identification by estimating the relative subsets of RNA transcripts (CIBERSORT). CIBERSORT was run with 1,000 permutations and a threshold <0.05 as recommended. Then the immune infiltration levels of 29 immune cell types in primary BRCA patients and BRCA bone metastasis patients were investigated by single-sample gene set enrichment analysis (ssGSEA) according to their specific surface markers. By using the R package “Gene set variation analysis (GSVA)”, the gene expression in primary BRCA patients and BRCA bone metastasis patients of different immune cell infiltration was ranked.



Definition of Enhancer RNA Prognostic Model

The differential eRNAs were analyzed using univariate and multivariate Cox proportional hazards regression analyses to establish a prognostic predictive model. A risk score formula was constructed as previously described (22). BRCA patients were divided into low-risk and high-risk groups by the median scores to validate the prognostic model. In addition, the accuracy and efficiency of the prognostic model were evaluated by receiver operating characteristic (ROC) curve analyses. The OS between the low-risk and high-risk groups was performed by the Kaplan–Meier analysis. Then the correlations between risk scores and clinical characteristics were analyzed by univariate and multivariate Cox regressions.



Network of Immune-Related Enhancer RNA Prognostic Signature for Breast Cancer Bone Metastasis

First of all, bone metastasis of BRCA-related eRNAs, differential transcription factors, and eRNA target genes were obtained from the above screening; then the hallmark of cancer signaling pathways in all the samples was quantified as continuous variables by GSVA, and immune cells and genes were retrieved from CIBERSORT and ssGSEA, respectively. Then, the co-expression analysis was performed among the seven expression modules, which were displayed in different colors. The cluster dendrograms aggregate genes with a common gene expression pattern in the same color module. Purple indicates the immune cell types by CIBERSORT, blue shows the hallmark by GSVA, indigo blue means the immune genes by ssGSEA, yellow means the transcription factors of eRNAs, pink indicates the target genes of eRNAs, and green shows the reverse phase protein array (RPPA) protein chip. The interaction pairs between eRNAs and immune cell types by CIBERSORT, hallmark by GSVA, immune genes by ssGSEA, transcription factors, target genes, and RPPA protein were used to construct the regulation network of BRCA bone metastasis.



Lentivirus Generation

A mixture of 2.7 μg of pCMV-dR8.91, 0.3 μg of VSCG, and 3 μg of target overexpression or shRNA vector for a 10-cm plate was transfected into 293T cells (obtained from American Type Culture Collection (ATCC), 10% Dulbecco’s modified Eagle’s medium (DMEM)) using PEI (#24314, Polysciences, USA). After 6 h, the media were changed, and the supernatants were collected at both 48 and 72 h post-transfection. The collected supernatants were filtered using 0.45-μm syringe filter and used to infect MCF7 cells (obtained from ATCC, 10% DMEM medium) with 0.8 μl/ml of polybrene. Target cells were incubated in an equal amount of lentiviral particle containing full growth media for 24 h, and then the media were changed with fresh media and incubated for 2 days. Then the infected cells were selected with puromycin for 1 week to get a stable cell line. A mycoplasma PCR assay was evaluated for the detection of contaminating mycoplasma.



Cell Proliferation Assay

Cell suspensions were prepared from different groups, 3,000 cells per 96 well, five duplicate wells per time period, and cultured in a 5% CO2 37°C incubator for the indicated time point. Then 10 μl of Cell Counting Kit-8 (CCK8) reagent (#C0037, Beyotime Biotechnology, China) was added to each well, and the absorbance of each well was measured at 450 nm using a microplate reader (BioTek, USA). Count each value and compile a proliferation curve. Results are representative of three independent experiments.



Cell Cycle Analysis

From different groups, 105 cells were collected and washed with phosphate-buffered saline (PBS) twice to remove the effects of trypsin (without EDTA) (#C0205, Beyotime Biotechnology, China) and then fixed overnight by 70% ethanol according to the cell cycle kit (#KGA512, KeyGEN Biotech China); all reagents were added sequentially and protected from light for 30 min and then analyzed by flow cytometry (ACEA Biosciences, USA). Results are representative of three independent experiments.



Migration and Invasion Assay

Transwell migration and invasion assays were performed as previously described (23). Briefly, MCF7 stable cell lines (1 × 105 cells/well) in serum-free DMEM were seeded into the upper chamber of a transwell apparatus with an 8-µm pore size membrane (#3414, Corning Incorporated, Corning, NY, USA). For the invasion assay, the upper chamber was pre-coated with matrigel (200 µg/ml, #354234, BD Biosciences, Bedford, MA, USA) according to the manufacturer’s protocol. For both migration and invasion assays, the medium of the lower chamber contained complete medium. After 24 h, the migrated or invaded cells at the lower surface of the filter were fixed and stained with crystal violet, then photos the filters were taken with an inverted microscope, and the cells were calculated. The average migrated/invaded cell number represented at least six different fields in each filter. Results are representative of three independent experiments.



Western Blotting Analysis

The cells of each group were lysed in lysis buffer (#P0013B, Beyotime Biotechnology, China). Determine the quality of the harvested protein by using bicinchoninic acid (BCA) kit (#P0012, Beyotime Biotechnology, China). Then, 20 μg of total proteins was separated on sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) gels and transferred on polyvinylidene difluoride (PVDF) membrane (#ISEQ00010, Millipore, USA) using the semi-dry transfer method. The membranes were blocked for 1 h in Tris-buffered saline containing 5% non-fat dried milk at room temperature (RT) and incubated overnight at 4°C with the relevant antibodies: SLIT2 (#47600), GFP (#55494), p-P38 MAPK (#4511), T-P38 MAPK (#8690), p-C-Fos (#5348), T-C-Fos (#2250), and β-actin (#4970) (1:1,000, all from Cell Signaling Technology, USA). Membranes were rinsed and incubated for 1 h with the corresponding peroxidase-conjugated secondary antibodies (#ab205718, #ab205719, Abcam, USA). Chemiluminescent detection was performed using the enhanced chemiluminescence (ECL) kit (#1251473, Thermo Fisher, USA). Bands were analyzed using ImageJ software (version 1.6 NIH) to verify the relative levels of the above markers. Results are representative of three independent experiments.



Immunoprecipitation Assay

For immunoprecipitation experiments, the cells were lysed with immunoprecipitation lysis buffer (Thermo Fisher Scientific) containing protease inhibitors and phosphatase inhibitors cocktail (Sigma-Aldrich). Cell lysates were then incubated with anti-SLIT2 antibody and protein A/G beads (Thermo Fisher Scientific) at 4°C for 6 h. After being washed with immunoprecipitation lysis buffer, the beads were boiled for 5 min with 2× SDS loading buffer. Eluted proteins were used for Western blotting analysis.



Immunohistochemistry Validation

BRCA tissues (n = 20) or normal tissues (n = 4) of breast were obtained from the Affiliated Hospital of Guangdong Medical University. This study was approved by the Ethical Review Board of the Affiliated Hospital of Guangdong Medical University (#PJ2019-017KT). Informed written consent was obtained from each patient or their guardians. Immunohistochemistry (IHC) staining was performed on formalin-fixed paraffin-embedded (FFPE) tumor tissue sections. The tumor tissues were fixed in 10% formalin, embedded in paraffin, and serially sectioned into 4-µm-thick sections for histopathological study. Sections were deparaffinized in xylene, rehydrated in absolute and 90% ethanol serially, and washed with distilled water. After antigen retrieval in citrate buffer (0.01 M, pH 6.4), they were incubated in blocking solution (5% horse serum, 3% bovine serum albumin (BSA), 0.1% Tween-20 in PBS) for 1 h at RT, and then stained with antibodies against SLIT2 (Cell Signaling Technology, USA) at 4°C overnight in a humidified chamber. Sections were then washed several times with PBS and incubated 1 h at RT with the secondary antibody. All sections were counterstained with hematoxylin, dehydrated and mounted, and processed with peroxidase-conjugated avidin/biotin and 3′-3-diaminobenzidine (DAB) substrate (Leica Microsystem). IHC images were independently analyzed blindly by three pathologists.



Statistical Analysis

In this study, the R software (www.r-project.org; version 3.6.1; Institute for Statistics and Mathematics, Vienna, Austria) was used for all statistical analysis processes. Only a two-sided p-value <0.05 was considered as statistically significant for all analysis processes. Statistical analyses were performed using the GraphPad Prism software (version 8; GraphPad Software Inc., San Diego, CA), and statistical significance was determined by p < 0.05. Comparisons between two groups were made using an unpaired Student’s t-test or one-way ANOVA.




Results


Screening of Differentially Expressed Genes and Functional Enrichment Analysis

The analytical process of the study is summarized in the flowchart (Figure 1). A total of 1,784 DEGs were identified between 1,211 primary BRCA and 17 bone metastases samples, including 644 upregulated genes and 1,140 downregulated genes in the heatmap (Supplementary Data 1A). The volcano plot of these DEGs is presented in Figure 2A. Then the GO functional enrichment analyses and KEGG pathway enrichment analyses were performed by using R’s cluster Profiler software package. The significant enrichment items of biological processes (BPs), cellular components (CCs), and molecular functions (MFs) were extracellular structure organization, extracellular matrix, and structural constituent of ribosome (Figure 2B). The KEGG pathways identified Ribosome, Oxidative phosphorylation, ECM–receptor interaction, and TGF-β signaling pathway (Figure 2C).




Figure 1 | Data analysis workflow.






Figure 2 | Screening of DEGs and functional enrichment analysis. (A) The volcano plot of DEGs identified between primary breast cancer and bone metastases of breast cancer samples. (B) The GO functional enrichment analyses of these DEGs. (C) The KEGG pathway enrichment analyses of these DEGs. DEGs, differentially expressed genes; GO, Gene Oncology; KEGG, Kyoto Encyclopedia of Genes and Genomes.





Screening of Differential Enhancer RNAs of Bone Metastasis and Independent Prognostic Analysis

The heatmap and volcano plot of 282 differentially expressed eRNAs (198 downregulated and 84 upregulated) are shown in Supplementary Data 1B and Figure 3A. The determination of lambda coefficient by least absolute shrinkage and selection operator (LASSO) regression and the coefficients of the model is presented in Figure 3B and Supplementary Data 2A. We then performed a univariable Cox regression analysis, 27 selected eRNAs related to prognosis were essential for model fitting according to p-values <0.05, and the forest map is shown in Supplementary Data 2B.




Figure 3 | Identification and independent prognostic analysis of eRNAs in BRCA bone metastasis. (A) The volcano plot of differentially expressed eRNAs between primary breast cancer and bone metastases of breast cancer samples. (B) Analyses by a LASSO regression further fine-tuned the selection of eRNAs. (C) The prognostic value of risk score by the Kaplan–Meier survival analysis. (D) ROC curve analysis of the prognostic model. (E) PCA of the risk score. The univariate Cox regression analysis (F) and multivariate Cox regression analysis (G) of risk score and clinical characteristics. eRNAs, enhancer RNAs; BRCA, breast cancer; LASSO, least absolute shrinkage and selection operator; ROC, receiver operating characteristic; PCA, principal component analysis.



The risk line and risk scatterplot of OS illustrated the distribution of risk score among all bone metastases of BRCA patients (Supplementary Data 2C, D). In the Kaplan–Meier survival analysis, risk score for OS had prognostic value for bone metastasis of BRCA patients with the survival time of the high-risk group was significantly shorter than that of the low-risk group (Figure 3C, p < 0.001). In addition, the ROC curve showed that the area under curve (AUC) in the prognostic model was 0.726 and demonstrated that the risk score model had a stable performance (Figure 3D). Moreover, by principal component analysis (PCA) of high- and low-risk groups according to respective median risk scores, we also indicated that bone metastasis of BRCA patients in different risk groups was distributed in two directions (Figure 3E). The above data illustrate that the calibration, discrimination, and goodness of fit (GOF) of the multivariate Cox regression model were acceptable.

We then performed univariate Cox regression analyses (Figure 3F) and multivariate Cox regression analyses (Figure 3G) to evaluate whether clinical parameters (including age, pathologic TNM classification, and stage) and the risk score are independent prognostic factors of OS. The data indicated that the risk score and pathologic M classification or grade were independent prognostic predictors for OS in the univariate Cox regression analyses, while only the stage and pathologic TNM classification were independent prognostic predictors for OS in the multivariate Cox regression analyses.



The Prognostic Signature of Clinical Characteristics and the Immune Response

Then, we compared the differences between eRNA values and clinical pathologic characteristics. The boxplots of clinical correlation analysis of 48 differential eRNAs among primary tumor (Supplementary Data 3A), distant metastasis (Supplementary Data 3B), regional lymph nodes (Supplementary Data 3C), and tumor stage (Supplementary Data 3D) are shown in Supplementary Data 3A–D. The eRNA values for the pathologic T3 and T4 stages were significantly lower than those for the pathologic T1 and T2 stages. The same phenomenon was observed for different pathologic N or M stages. The eRNA values for the pathologic tumor stage IV groups were significantly lower than those for the stage I, II, and III groups.

We then explored the relationship between eRNA expression and tumor-infiltrating immune cells in bone metastasis of BRCA patients and primary BRCA patients by CIBERSORT algorithm. The contents of various immune cells in each sample were presented by bar plot, and the results suggested that immune cells had a significantly prognostic value for bone metastasis of BRCA (Supplementary Data 3E). In addition, the group boxplot according to the relationship between eRNA expressions and immune cells revealed that naïve B cells, naïve CD4 T cells, CD4 resting memory T cells, follicular helper T cells, activated NK cells, resting dendritic cells, and resting mast cells were negatively correlated with the risk score, while resting NK cells, M0 macrophages, and neutrophils were positively correlated with the risk score (Supplementary Data 3F). The correlation analysis revealed the co-expression patterns between prognostic immune cells. Furthermore, we also found a poor correlation coefficient between the 22 immune cells (Supplementary Data 3G). The population with negative relation included M1 macrophages and M2 macrophages (R = −0.45) and M2 macrophage and CD8 T cells (R = −0.43). Further, CD8 T cells and activated NK cells (R = 0.42) and CD8 T cells and M1 macrophages (R = 0.39) had a positive relation.



Identification of the Enhancer RNAs Co-Expressed Transcription Factors

The heatmap and volcano plot of 37 differentially expressed transcription factors (19 downregulated and 18 upregulated) identified between primary BRCAs and bone metastasis samples are shown in Supplementary Data 1D and Figure 4A. The heatmap and volcano plot of 32 differential hallmarks signaling pathways (18 downregulated and 14 upregulated) identified between primary BRCAs and bone metastasis of BRCA samples are shown in Supplementary Data 1C and Figure 4B. Moreover, the correlation of GSVA score of hallmarks signaling pathways and bone metastasis of BRCA was investigated (Figure 4C). Immune cell infiltration status was assessed by applying the ssGSEA approach to validate the relationships between the primary BRCAs and bone metastasis of BRCA samples with tumor immune characteristic. The heatmap of the 29 immune-related terms were incorporated to deconvolve the abundance of diverse immune cell types in primary BRCAs and bone metastasis of BRCA samples (Figure 4D). We found that primary BRCA groups have higher immune scores than the bone metastasis of BRCA sample groups. In addition, the heatmap and volcano plot of 37 target genes are shown in Supplementary Data 4A, C.




Figure 4 | Identification of the eRNA co-expressed transcription factors. (A) The volcano plot of differentially expressed transcription factors between primary BRCAs and bone metastasis of BRCA samples. (B) The volcano plot of differential hallmark signaling pathways between primary BRCAs and bone metastasis of BRCA samples. (C) The gene set variation analysis (GSVA) score of hallmark signaling pathways and bone metastasis of BRCA. (D) The heatmap of the diverse immune cell types in primary BRCAs and bone metastasis of BRCA samples. eRNAs, enhancer RNAs; BRCA, breast cancer.





Exploration of the Correlation Between Hub Genes and Prognostic Immune Cells

Finally, the heatmap of 29 differentially expressed eRNAs was identified between primary BRCAs and bone metastasis of BRCA samples, as shown in Figure 5A. A total of seven different dimension correlation networks were constructed with 12 eRNAs, 13 differential transcription factors, 14 eRNA target genes in ERIC database, 22 immune cells of CIBERSORT, 17 immune gene set by ssGSEA, 18 hallmark of cancer signaling pathways by GSVA, and six immune cells (Figures 5B, C). Interestingly, seven eRNAs (SLIT2, CLEC3B, LBPL1, FRY, RASGEF1B, DST, and ITIH5) were considered to have a significant co-expression relationship in these seven different dimension correlation networks. Furthermore, we also found that these genes were also significantly correlated with each other. We supposed that the eRNAs of SLIT2, CLEC3B, LBPL1, FRY, RASGEF1B, DST, and ITIH5 play crucial roles in the tumorigenesis and bone metastasis of BRCA.




Figure 5 | Exploration of the correlation between hub genes and prognostic immune cells. (A) The heatmap of final identified eRNAs between primary BRCAs and bone metastasis of BRCA samples. (B) A total of seven different dimension correlation networks were constructed with eRNAs, differential transcription factors, eRNA target genes in ERIC database, immune cells of CIBERSORT, immune gene set by ssGSEA, hallmark of cancer signaling pathways by GSVA, and immune cells. (C) The corHeatmap of the seven different dimensions. eRNAs, enhancer RNAs; BRCA, breast cancer; ssGSEA, single-sample gene set enrichment analysis; GSVA, gene set variation analysis.





Identification of the Enhancer RNAs by ATAC-Seq

We then analyzed the eRNAs by ATAC-seq. The chromatin immunoprecipitation (ChIP) peak coverage is shown in Figure 6A. Genomic annotation by vennpie was calculated by UpSet plot (Figure 6B). We provide plotDistToTSS to calculate the percentage of binding sites upstream and downstream from the transcription start site (TSS) of the nearest genes and to visualize the distribution (Figure 6C). The average profile of ChIP peaks binding to TSS region is shown in Figure 6D. Once the annotated nearest genes were obtained, we can perform functional enrichment analysis to identify predominant biological themes among these genes by incorporating biological knowledge provided by GO functional enrichment analyses and KEGG pathway enrichment analyses. The significant enrichment items of BPs, CCs, and MFs were skeletal system development, centrosome, and cell adhesion molecule binding (Figure 6E). The KEGG pathways identified MAPK signaling pathway (Figure 6F).




Figure 6 | Identification of the eRNAs by ATAC-seq. (A) The ChIP peak coverage. (B) Genomic annotation by vennpie. (C) The percentage of binding sites upstream and downstream from the TSS. (D) The average profile of ChIP peaks binding to TSS region. (E) The GO functional enrichment analyses of ATAC-seq. (F) The KEGG pathway enrichment analyses of ATAC-seq. eRNAs, enhancer RNAs; ChIP, chromatin immunoprecipitation; TSS, transcription start site; GO, Gene Oncology; KEGG, Kyoto Encyclopedia of Genes and Genomes.





SLIT2 Inhibited the Proliferation and Migration of Breast Cancer Cells

We further investigated the SLIT2 expression in different cancer types and found that the expression level of SLIT2 was significantly downregulated in most cancer types (Figure 7A). Moreover, the expression of SLIT2 was also downregulated in BRCA tumor tissues (Figure 7B). We further analyzed data from public databases to evaluate the prognostic effect of SLIT2 in BRCA patients. Low expression of SLIT2 was associated with poor survival in BRCA patients (Figure 7C). We then examined the expression of SLIT2 by IHC assay and found that there was low expression of SLIT2 in tumor and high expression in peri-tumor. Representative IHC images are shown in Figure 7D.




Figure 7 | SLIT2 is downregulated in breast cancer cells. (A) The expression of SLIT2 in normal tissue and tumor tissue of most cancers. (B) The expression of SLIT2 in normal tissue and tumor tissue of BRCA. (C) Kaplan–Meier survival curves for SLIT2 in BRCA. (D) IHC staining of SLIT2 in tumor or peri-tumor of BRCA patients. BRCA, breast cancer; IHC, immunohistochemistry.  **p < 0.01,***p < 0.001, ****p < 0.0001.



To verify the function of SLIT2 in the proliferation and migration of BRCA cells, human BRCA cell MCF7 with SLIT2 overexpression (SLIT2-OE) and downregulation (SLIT2-shRNA) was established (Figures 8A, B). The expression of SLIT2 was identified by qPCR (Figure 8A) and Western blotting (Figure 8B). As shown in Figure 8C, SLIT2 overexpression remarkably inhibited MCF7 cell proliferation in vitro, while SLIT2 knockdown significantly promoted MCF7 cell proliferation. Consistent with the results in proliferation, cell cycle assay also showed that overexpression of SLIT2 induced G1 cell cycle arrest, while SLIT2 downregulation promoted MCF7 cell G1 distribution (Figures 8D, E).




Figure 8 | SLIT2 inhibited the proliferation and migration of breast cancer cells. (A) The efficacy of SLIT2 knockdown or SLIT2 overexpression was examined by qRT-PCR and immunoblotting (B). (C) Cell proliferation assay was performed by CCK8 in SLIT2 knockdown or SLIT2 overexpression cells. (D, E) Cell cycle assay in SLIT2 knockdown or SLIT2 overexpression cells. (F, G) Cell migration assay was performed by transwell in SLIT2 knockdown or SLIT2 overexpression cells. (H, I) Cell invasion assay was performed by transwell with matrigel in SLIT2 knockdown or SLIT2 overexpression cells. Three independent experiments were performed. All data are presented as mean ± standard deviation (SD). Comparisons between the groups were made by one-way analysis of variance (ANOVA). **p < 0.01, ***p < 0.001 and ****p < 0.0001. CCK8, Cell Counting Kit-8.



BRCA cell invasion or metastasis is the major cause of death. We then examined the effects of SLIT2 on the ability of BRCA cell migration and invasion in vitro. SLIT2 overexpression prominently reduced MCF7 cell migration in the transwell migration assays (Figures 8F, G). Further, SLIT2 overexpression significantly reduced invaded MCF7 cells in the transwell invasion assay (Figures 8H, I). The data above indicated that SLIT2 inhibited the proliferation and migration of BRCA cells.



SLIT2 Regulate Breast Cancer Proliferation and Migration Through P38 MAPK/c-Fos Signaling Pathway

We found that SLIT2 inhibited the proliferation and migration of BRCA cells, but the mechanism still needed to be further explored. As shown in Figure 5B, the target gene of SLIT2 was c-Fos, and the KEGG enrichment analysis by ATAC-seq (Figure 6E) showed that the eRNAs were enriched in MAPK signaling pathway. Previous data have also indicated that MAPK/c-Fos may regulate the migration of cancer cells, and the interaction between SLIT2 and MAPK was analyzed by co-immunoprecipitation assay. The results showed that SLIT2 interacted with P38 MAPK (Figure 9A). Moreover, Western blotting also showed that SLIT2 overexpression inhibited the phosphorylation of P38 MAPK and c-Fos, while downregulation of SLIT2 upregulated the phosphorylation of P38 MAPK and c-Fos (Figure 9B). In addition, the effects of SB202190, a specific inhibitor of p38 MAPK, significantly inhibit the phosphorylation of P38 MAPK and c-Fos upregulated by SLIT2 shRNA (Figure 9B). Moreover, we then examined the cell cycle, migration, and invasion in SLIT2-OE cells treated with SB202190. SB202190 showed significant promotion on the G1 distribution (Figure 9C), migration (Figure 9D), and invasion (Figure 9E) of SLIT2 overexpression MCF7 cells. The data above indicated that SLIT2 regulates BRCA migration through MAPK/c-Fos signaling pathway.




Figure 9 | SLIT2 regulates breast cancer proliferation and migration through MAPK/FOS signaling pathway. (A) Co-immunoprecipitation (IP) of SLIT2 interacts with MAPK in SLIT2-expressing MCF7 cells. (B) Western blotting of the phospho-MAPK/total-MAPK and phospho-c-Fos/total-c-Fos from three independent experiments in SLIT2 knockdown or SLIT2 overexpression cells with or without p38 MAPK inhibitor SB202190 (10 μM). (C) Cell cycle assay of in SLIT2 knockdown cells with or without MAPK inhibitor SB202190. (D) Cell migration assay was performed by transwell in SLIT2 knockdown cells with or without MAPK inhibitor SB202190. (E) Cell invasion assay was performed by transwell with matrigel in SLIT2 knockdown with or without MAPK inhibitor SB202190. Three independent experiments were performed. All data are presented as mean ± standard deviation (SD). Comparisons between the groups were made by one-way analysis of variance (ANOVA). *p < 0.05, ***p < 0.001, and ****p < 0.0001.






Discussion

BRCA is one of the most common cancers and is the primary cause of cancer death in women (24). When BRCA spreads beyond the breast, one of the most common places is the bones (25). Bone metastases occur in roughly 70% of women and are often the first symptom that the BRCA has relapsed, and finding and treating bone metastases early on can be critical in preventing problems later (26). Thus, this study aimed to analyze transcriptomic profiles of bone metastatic tumor to identify prognostic biomarkers to control metastasis.

eRNAs are short ncRNA molecules that are transcribed from the loci of enhancers (27). They are involved in the regulation of gene transcription and can be a therapeutic target for diseases (28). Oncogenes or oncogenic signaling pathway activation often enhances the activation and production of eRNAs in human cancers. Several hundred eRNAs were found to be differentially expressed in prostate cancer (29). In MCF-7, a BRCA cell, estrogen-induced transcription of eRNA was found to be upregulated (30). Another study showed that eRNAs are significantly reduced in throat cancer (11). The data resources provide opportunities to characterize the functions of eRNAs across different cancer types.

Here, in our study, bioinformatics analysis was used to construct eRNAs expression profiles of 1,211 primary BRCA and 17 bone metastases of BRCA samples downloaded from TCGA database. Then we further explored the relationships between differential eRNAs and clinical characteristics, immune cell infiltration, and a prognostic signature by ssGSEA, LASSO, Cox, and multivariate Cox regression. Our study found that the constructed prognostic model by ROC curves, calibration curves, and ssGSEA score could clearly predict the OS and bone metastasis of BRCA. Thus, our study suggested that the screened eRNAs play an important role in the progression of bone metastasis of BRCA and could be used as important reference markers for further research. Finally, seven eRNAs (SLIT2, CLEC3B, LBPL1, FRY, RASGEF1B, DST, and ITIH5) were considered to have significant co-expression relationship in seven different dimension correlation networks constructed with 12 eRNAs, 13 differential transcription factors, 14 eRNA target genes in ERIC database, 22 immune cells of CIBERSORT, 17 immune gene set by ssGSEA, 18 hallmark of cancer signaling pathways by GSVA, and six immune cells.

A previous study had demonstrated that the extracellular matrix protein ITIH5 blocks tumor progress, migration, and metastasis of various types including bladder, breast, and pancreatic cancers. Michael Rose et al. showed that ITIH5 induces a shift in TGF-β superfamily signaling involving Endoglin and reduces risk for BRCA metastasis and tumor death. Veeck et al. indicated that ITIH5 is a novel prognostic marker in invasive node-negative BRCA, and its aberrant expression is caused by promoter hypermethylation (31). Aberrant expression of the Spectraplakin Dystonin (DST) has been observed in various cancers, including melanoma (32) and BRCA (33) Jain et al. showed that DST antagonizes YAP activity and suppresses BRCA tumorigenesis (33). Gene CLEC3B (C-type lectin domain family 3, member B) encoding tetranectin in humans has been identified as a potential diagnostic and prognostic biomarker in lung cancer and association with the immune microenvironment (34), was downregulated in hepatocellular carcinoma, and promoted metastasis and angiogenesis via AMPK and VEGF signals (35).

Recent studies indicated that SLIT2 is frequently inactivated in large B-cell lymphoma (36), lung, breast, colorectal, thyroid (37), gastric (38), and glioma tumors, showing that SLIT2 was a candidate tumor suppressor gene, and recent studies have shown that SLIT2 expression is suppressed or reduced by hypermethylation in the promoter region in various cancers. Tavora showed that deleting endothelial SLIT2 suppressed metastatic dissemination in mouse models of breast and lung cancer (39). In addition, soluble SLIT2 can act as a potent therapeutic drug in BRCA cells, while relevant mechanism still needed to be further explored. In our study, we found that SLIT2 overexpression inhibited MCF7 cell proliferation and migration, while downregulation of SLIT2 promoted the proliferation and migration. In addition, overexpression of SLIT2 induced G1 cell cycle arrest, while SLIT2 downregulation promoted MCF7 cells G1 distribution. Moreover, SLIT2 interacted with P38 MAPK and SLIT2 overexpression, inhibiting the phosphorylation of P38 MAPK and c-Fos, while downregulation of SLIT2 upregulated the phosphorylation of P38 MAPK and c-Fos. Our data indicated that SLIT2 regulates BRCA progression and migration through MAPK/c-Fos signaling pathway.

In conclusion, the seven eRNAs were identified to have independent prognostic significance for bone metastasis of BRCA, which was closely associated with clinical characteristics, the immune response, the TME, and prognosis. The results of this study offer a means to predict the prognosis and survival of bone metastasis of BRCA compared with traditional prediction methods.



Conclusion

Based on the co-expression network for bone metastasis of BRCA-related eRNAs, we screened key eRNAs to explore a prognostic model in predicting the bone metastasis. The results of this study provided bioinformatics information in exploring the molecular mechanisms of the metastasis to the bone. Besides, we identified the potential regulatory signaling pathway of SLIT2 in BRCA bone metastasis, which provides a promising therapeutic strategy for metastasis of BRCA.
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Supplementary Figure 1 | The heatmap of Identification and independent prognosis analysis of eRNAs in BRCA bone metastasis. (A) The heatmap of DEGs identified between primary breast cancer and bone metastases of breast cancer samples. (B) The heatmap of keygens identified between primary breast cancer and bone metastases of breast cancer samples. (C) The heatmap of differential hallmarks signaling pathways between primary BRCAs and bone metastasis of BRCAs samples. (D) The heatmap of differentially expressed transcription factors between primary BRCAs and bone metastasis of BRCAs samples.

Supplementary Figure 2 | Screening of eRNAs from bone metastasis of BRCA. (A) Analyses by a LASSO regression further fine-tuned the selection of eRNAs. (B) Univariate Cox regression models identified 48 eRNAs that are associated with OS. The distribution of risk score of OS among all bone metastasis of BRCA samples by risk line (C) and risk scatterplot (D).

Supplementary Figure 3 | The prognostic signature of clinical characteristics and the immune response. The boxplots of clinical correlation analysis of differential eRNAs among primary tumor (A), distant metastasis (B), regional lymph nodes (C) and tumor stage (D). (E) The bar plot of various immune cells in all BRCA samples. (F) The group boxplot of these prognostic immune cells by CIBESORT analysis. (G) The corHeatmap of these prognostic immune cells by CIBESORT analysis.

Supplementary Figure 4 | The target genes of eRNSs. (A) The heatmap of target genes of eRNAs. (B) The volcano plot of target genes of eRNAs.

Supplementary Figure 5 | IHC staining of SLIT2 in tumor or peri-tumor of BRCA patients.
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Although the tumor microenvironment (TME) plays an important role in the development of many cancers, its roles in breast cancer, especially triple-negative breast cancer (TNBC), are not well studied. This study aimed to identify genes related to the TME and prognosis of TNBC. Firstly, we identified differentially expressed genes (DEG) in the TME of TNBC, using Expression data (ESTIMATE) datasets obtained from the Cancer Genome Atlas (TCGA) and Estimation of Stromal and Immune cells in Malignant Tumor tissues. Next, survival analysis was performed to analyze the relationship between TME and prognosis of TNBC, as well as determine DEGs. Genes showing significant differences were scored as alternative genes. A protein-protein interaction (PPI) network was constructed and functional enrichment analysis conducted using the DEG. Proteins with a degree greater than 5 and 10 in the PPI network correspond with hub genes and key genes, respectively. Finally, CCR2 and CCR5 were identified as key genes in TME and prognosis of TNBC. Finally, these results were verified using Gene Expression Omnibus (GEO) datasets and immunohistochemistry of TNBC patients. In conclusion, CCR2 and CCR5 are key genes in the TME and prognosis of TNBC with the potential of prognostic biomarkers in TNBC.
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Introduction

Breast cancer is the second leading cause of cancer related deaths among women worldwide, with a prevalence of 11.7% and a mortality rate of 6.9% (1). The burden of breast cancer has grown in both developed and developing countries over time (2). In 2017 alone, it was estimated that 30% of all new cancer cases (252,710), among women in America, were breast cancer (3). Based on the characteristics of molecular markers, breast cancer is divided into 3 major subtypes, namely estrogen receptor positive and progesterone receptor positive (luminal A, luminal B), HER2 overexpression (HER2+) and triple negative breast cancer (TNBC). Triple negative breast cancer (TNBC) is the subtype of breast cancer that tests negative for estrogen receptors (ER), progesterone receptors (PR), and excess HER2. Worldwide, TNBC accounts for about 15% of the total breast cancer cases (4), and 83% of disproportionate deaths compared to other breast cancer subtypes (5). The growth of TNBC is not triggered by the HER2 protein or the hormones estrogen and progesterone. Therefore, the cancer does not respond to targeted therapy with HER-2 receptor, monoclonal antibody and endocrine therapy. Although various treatments and medicines used to manage TNBC are constantly developing, more than 70% of patients have recurrence and relapse within 3 years after surgical resection with poor prognosis (6). Also, standardized TNBC treatment regimens are still lacking (7). Researchers are trying to find out whether certain medications can interfere with the processes that cause TNBC to grow (8). Therapeutic approaches that target the TME have been suggested as promising strategies in cancer treatment.

The tumor microenvironment (TME) is the cellular and immune environment surrounding the primary tumor. There are many kinds of cells and molecules in TME, including immune cells, extracellular matrix proteins, blood vessels and cytokines. Tumor cells interact with molecules and cells in the TME. Recent literature shows that the immune landscape of the TME can promote or inhibit tumor initiation and progression (9–11). In fact, findings from clinical trials have revealed the potential of a number of therapeutic strategies targeting the TME for cancer therapy. However, little research has described the role of TME in the progression of triple negative breast cancer (TNBC). TNBC is characterized by a unique TME, which differs from other breast cancer subtypes. In TNBC patients, the TME is associated with induction of proliferation, angiogenesis, inhibition of apoptosis and immune system suppression, and drug resistance (12, 13). Nonetheless, the functional tumor infiltrating lymphocytes, the mechanism of TME regulation and concerning predictive biomarkers remain unclear (14–16).

The present study aimed to identify key genes associated with TNBC microenvironment and prognosis of patients. Summarily, the relationship between the key genes and prognosis of TNBC patients was analyzed, based on datasets from the Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) databases, which comprise gene expression and quantification data as well as clinical information of TNBC patients. Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) website provides easy access to predicting infiltration of immune cells and stromal cells in TME, while CIBERSORT provide 22 immune cell information and 547 immune-related markers in TNBC. Based on this information, we screened out key genes in the TNBC microenvironment and elucidated their association with prognosis of TNBC patients.



Materials and Methods


Study Design

A schematic representation of the whole research is presented in Figure 1.




Figure 1 | Research route.





Gene Expression Dataset

Triple negative breast cancer (TNBC) datasets were obtained from the TCGA and GEO databases. The TCGA dataset comprised basic information, gene expression profiles and prognostic information. This study only included patients who had been diagnosed with TNBC with clear pathology and clinical information, with those who had insufficient or missing data such as age, TNM staging, and OS excluded. Data from GEO was searched using “TNBC” and “survival”, as key terms, using similar inclusion criteria applied in TCGA. Finally, information belonging to 116 patients was obtained. The final screening outcome was the GSE31519 dataset, which comprised information for 68 patients. And the patient characteristics were showed in Table 1.


Table 1 | Patient characteristics (n = 184 patients).





Analysis of Immune Infiltration in the TME

Relative proportions of infiltrating immune cells for TNBC were analyzed using ESTIMATE and CIBERSORT (https://cibersort.stanford.edu/). Briefly, the ESTIMATE score was analyzed with the R package, by comparing all patients’ information with the standard information from the R package, then scoring their stromal and immune scores (17, 18). The CIBERSORT score was analyzed using the R package, then the relative proportion of 22 types of infiltrating immune cells used to determine 547 immune-related markers in TNBC patients. The R package of CIBERSORT quantifies the relative scores of immune cells and analyzes the relative proportion of immune cells (19, 20).



Identification of Differentially Expressed Genes

TNBC samples were assigned to high and low immune score groups, based on the median immune score obtained in ESTIMATE analysis. On the other hand, the TNBC samples were assigned into high stromal and low stromal score groups, based on the median stromal score obtained from ESTIMATE analysis. Thereafter, differentially expressed genes (DEGs) were identified across different groups using the limma package in R (21). The threshold of differentially expressed genes were: |log2 fold change (log2FC)| > 1 and false discovery rate (FDR) < 0.05. All results were presented using a heat map.



Identification of Key Genes in the TME

Alternative genes associated with both the immune and stromal scores were screened, and results presented using a Venn diagram. Next, the proteins corresponding with alternative genes were used to construct a PPI network via the STRING database (22), with the degree of proteins indicating the number of edges linking a given node protein. Protein to gene interactions with integrated and scores > 0.95 selected, while proteins with proportions greater than 5 and 10 selected as hub and key proteins, corresponding with hub and key genes.



Further Verification of the Key Genes

Key genes were verified based on the GEO database and via immunohistochemistry. Briefly, data from both the TCGA and GEO databases were subjected to ESTIMATE and survival analyses. Next, immunohistochemistry was carried out on 26 samples collected from TNBC patient at the Cancer Center of Sun Yat-sen University, and the basic information of patients were showed in Table 2. Summarily, the tissues were first dewaxed in xylene, rehydrated in alcohol, and blocked in endogenous peroxidase activity, then incubated overnight at 4°C with specific antibodies targeting CCR2 (rabbit; 1:100, Abcam, Cambridge, UK) or CCR5 (rabbit; 1:500, Abcam). The samples were then incubated at room temperature with secondary antibodies (ab97080, goat anti-rabbit, 1:2,000; ab97040, goat anti-mouse, 1:500, Abcam) for 10 min, and in 3-3’-diamino-benzidine for 1.5 min. Thereafter, the samples were counter stained with hematoxylin for 30s and visualized under a microscope. Based on the degree of staining, the samples were divided into either high (CCR5+ or CCR2+) or low (CCR5-or CCR2-) expression groups, using the imagine gray scale. The resulting clinical information was used to perform survival analysis using the survival and survminer packages in R (23).


Table 2 | Basic information of patients used in immunohistochemistry.





Analysis of Potential Mechanism Through Which Key Genes Influence the TME

Expression across different immune infiltration groups of TNBC patients was subjected to GO and KEGG analysis with the aim of elucidating the potential mechanism through which key genes influence the TME. GO and KEGG analyses were performed using the clusterProfiler, DOSE, and enrichplot packages in R (24, 25). To further analyze activity of key genes in different groups, GSEA was carried out where necessary depending on the potential signal pathways (26).




Results


Relationship Between ESTIMATE Score and Prognosis of TNBC Patients

Results from ESTIMATE analysis revealed several score groups, namely high and low immune, and high stromal and low stromal score groups. Results from survival analysis across all groups showed that immune and stromal scores significantly influenced the TMN stage of TNBC patients at p=0.028 and p < 0.001, respectively (Figures 2A, B). Patients at stage IV exhibited significantly higher immune and stromal scores than those at stage I. Moreover, immune score (p=0.03) and stromal score (p=0.024) significantly influenced prognosis of TNBC patients (Figures 2C, D). Overall, these results indicated that low immune and stromal scores are indicators of better prognosis of TNBC patients.




Figure 2 | Relationship between ESTIMATE scores and prognosis of TNBC patients: (A) The influence on stage of immune score. (B) Effect on stage of stromal score. (C) Effect on prognosis of immune score. (D) Effect on prognosis of stromal score.





Identification of Differentially Expressed Genes

A comparison between high with low immune score group, as well as high with low stromal score group, revealed a total of 2307 DEGs. Among them, 2130 and 177 were up-regulated and down-regulated, respectively, of which 363 in the upregulated and 3 in the downregulated groups exhibited potential to influence both immune and stromal scores (Figures 3A–D).




Figure 3 | Identification of differentially expressed genes. (A) A heat map showing differentially expressed genes in the immune score. (B) A heat map showing differentially expressed genes in stromal score. (C) Upregulated DEGs. (D) Downregulated DEGs.





Identification of Key Genes in TME

Among the 366 genes that were screened out, survival analysis for every gene resulted in 10 significant (p<0.05) genes, namely CCR2, CCR5, CD1C, CD1E, IL7R, LINC00861, PTPRC, VCAM1, XCR1 and CCL11 (Figure 4A). These were regarded alternative genes and were used for identification of key genes in the TME. A PPI network, constructed via the STRING database, showed important node proteins indicating node genes, with the degree of proteins indicating the number of edges linking to a given node proteins (Figure 4B). The degree of interaction for each protein was calculated and hub proteins with values greater than5 and 10, including CCR2 and CCR5 selected (Figure 4C). All hub proteins correspond with hub genes.




Figure 4 | Among the 366 genes that were screened out, survival analysis for every gene resulted in 10 significant (p < 0.05) genes, namely CCR2, CCR5, CD1C, CD1E, IL7R, LINC00861, PTPRC, VCAM1, XCR1 and CCL11 (A). These were regarded alternative genes and were used for identification of key genes in the TME. A PPI network, constructed via the STRING database, showed important node genes, with the degree of genes indicating the number of edges linking to a given node gene (B). The degree of interaction for each gene was calculated and hub genes with values greater than5 and 10, including CCR2 and CCR5 selected (C).





Verification of the Key Genes

Data obtained from the GEO database and immunohistochemistry were analyzed for verification of the key genes. DEGs with different immune and stromal scores are shown in Figures 5A, B. Results from survival analysis showed that upregulation of CCR2 and CCR5 was associated with poor prognosis of TNBC patients (Figure 5C, D). Results from immunohistochemistry and survival analysis further revealed poor prognosis of patients with high expression CCR2 (Figures 5E, F) and CCR5 (Figures 5G, H). Overall, these results confirmed that CCR2 and CCR5 are key genes in the TME of TNBC.




Figure 5 | Verification of key genes. (A, B) Heat maps showing differentially expressed genes in patients with different immune and stromal scores. (C, D) Prognosis of patients with different expression of CCR2 and CCR5 in the GEO database. (E F) Prognosis of 26 patients with different CCR5 expression. (G, H) Prognosis of patients with different CCR2 expression.





Potential Mechanism of Action

Results from CIBERSORT analysis for immune cell infiltration, and macrophages revealed that M0 was the main infiltrating cell (Figure 6A). In addition, results from GO functional enrichment and KEGG pathway enrichment analysis as well as GSEA revealed top 10 enriched GO terms, including SIDE OF MEMBRANE and PHAGOCYTIC_VESICLE (Figures 6B, C). The top 10 signaling pathways, including NATURAL KILLER CELL MEDIATED CYTOTOXICITY and T CELL RECEPTOR SIGNALING PATHWAY, are shown in Figures 6D, E. These results indicate the potential mechanism of CCR2 and CCR5 influencing TME in TNBC.




Figure 6 | Potential mechanism of action. (A) Results from CIBERSORT showing infiltration of 22 immune cells. (B) Results of GO analysis showing the main significantly enriched GO terms. (C) The top 10 enriched GO terms in GSEA. (D) Results of KEGG analysis showing the main significantly enriched pathways. (E) The top 10 signaling pathways in GSEA.






Discussion

Triple negative breast cancer (TNBC) is a largely hostile subtype of breast cancer, with a high possibility of metastasis and a lack of explicit targets for targeted therapeutics. In fact, TNBC is considered to have an exceptional TME, that is different from other subtypes (13). Previous studies have shown that the interactions between cancer cells and components of the TME play significant roles in cancer proliferation and metastasis (27, 28). Therefore, identification of key genes associated with TNBC’s TME is critical for development of effective management and treatment strategies for TNBC. In the present study, we identified 366 differentially expressed genes influencing both immune scores and stromal scores. Among them, 30 were hub genes in PPI network, of which CCR2 and CCR5 were identified as the key genes that influence TME and prognosis of TNBC patients. These were further verified via immunohistochemistry and data from the GEO database.

The CCL2-CCR2 signaling axis plays multiple pro-tumorigenic roles, such as mediating tumor growth and angiogenesis as well as usurping host stromal cells to support tumor progression (29). Previous studies have also demonstrated the translational potential of CCL2/CCR2 in hepatocellular carcinoma, pancreatic cancer and esophageal squamous cell carcinoma (30–32). Tumor development may be favored by the CCL5-CCR5 signaling axis favor in multiple ways, including proliferation, immunosuppression, angiogenesis, and migration (33–35). Most studies on CCL5-CCR5 have focused on gastric cancer and pancreatic cancer (36, 37). and found that both signaling axes are closely related to immune cells, where they augment their functions, induce their differentiation and promote their migration to TME. Results of the present study are consistent with findings from previous studies which indicated that high expression of CCR2 and CCR5 promotes tumor progression (38, 39). In fact, CCL2-CCR2 and CCL5-CCR5 signaling axes promote migration of cancer cells in breast cancer, thus are potential targets for development of breast cancer therapy. Therefore, identification of CCR2 and CCR5 as key genes in the TME of TNBC is expected to aid in future development of targeted therapies against the subtype.

The immune cells showed different infiltration in different ESTIMATE score groups, including macrophages, T cell and CD8+. These immune cells are significant components of TME and have various functions in cancer proliferation and metastasis (40). The main signaling pathways in different ESTIMATE score groups were related to immunomodulation, and included NATURAL KILLER CELL MEDIATED CYTOTOXICITY and T CELL RECEPTOR SIGNALING PATHWAY. The observed changes in immune cell infiltration and activation of signaling pathways may be related to differential expression of CCR2 and CCR5, although the actual underlying mechanism needs further exploration.



Conclusion

In summary, CCR2 and CCR5 are key genes influencing the TME of TNBC, and have significant effects on prognosis of TNBC patients. Both genes have potential predictive ability, hence can be used as biomarkers in targeted development of therapies for treatment of TNBC. In future, unraveling the mechanism underlying these hallmarks of TNBC will be key in ensuring their clinical application for TNBC treatment.
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The N6-methyladenosine (m6A) has been considered as a new layer of epitranscriptomic regulation on mRNA processing, stability, and translation. However, potential roles of m6A RNA methylation modification in tumor immune microenvironment (TIME) of breast cancer are yet fully understood. In this study, we comprehensively evaluated the genetic variations and transcript expressions of 15 m6A regulators in 1,079 breast cancer samples from the Cancer Genome Atlas (TCGA) database. We validated major regulators had significantly differential mRNA and protein expression in tumor tissue compared to normal tissues from 39 pairs of clinical breast cancer samples with different molecular subtypes, and especially high expression of m6A readers YTHDF1 and YTHDF3 predicted poor survival. Two clusters of breast cancer patients identified by the 15 m6A regulators’ pattern showed distinct overall survival, immune activation status, and immune cell infiltration, and clinical samples confirmed the diversity of lymphocytic infiltration. The profiles of these two clusters accorded with that of two classical cancer-immune phenotypes, immune-excluded and immune-inflamed phenotypes, it suggested that m6A regulators-based patterns might serve as crucial mediators of TIME in breast cancer. Moreover, the m6A phenotype-related gene signatures could also be survival predictor in breast cancer. Therefore, comprehensive evaluation of tumor m6A modification pattern will contribute to enhance our understanding of the characterization of immune cell infiltration in the tumor microenvironment and promote the responsiveness of breast cancer to immunotherapy.
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Introduction

Breast cancer, the most frequent malignancy in women, will affect as many as one in eight women in high-income countries by age 85 years (1). In 2020, female breast cancer has surpassed lung cancer as the most commonly diagnosed cancer. About 2.3 million women were newly diagnosed with breast cancer, and 684,996 women with breast cancer died (2). In high-income countries, breast cancer is often diagnosed at an early stage and the prognosis is usually good. However, in low- or middle-income countries, breast cancer is often diagnosed at an advanced stage with poorer survival (3). Breast cancer is a heterogeneous disease on the molecular level due to the activation of different molecular features or gene alterations (4). Diverse immune microenvironment also contributes to the heterogeneity, and influences the progression and therapeutic response of breast cancer (5). Breast cancer with infiltrating immune cells is known to have better survival and higher response to neoadjuvant chemotherapy or immunotherapy (6); however, less is known about the underlying mechanisms and associated immune phenotypes. Therefore, it is necessary to comprehensively profile the heterogeneity and complexity of tumor immune microenvironment (TIME) landscape and identify different tumor immune phenotypes in breast cancer.

N6-methyladenosine (m6A), methylated adenosine at the N6 position, is the most prevalent internal modification in mRNA of eukaryotic species (7). Similar to DNA and protein, RNA can be methylated and demethylated by different methylation regulators, including methyltransferases (also known as “writers”) and demethylases (also known as ‘‘erasers’’). Modified RNAs can be further recognized by “readers” proteins (8). The deposition of m6A modifications in mRNAs is executed by a multicomponent methyltransferase complex, including METTL3, METTL14 and WTAP, and so on (9, 10). The removal of m6A could be realized by FTO and ALKBH5 (11, 12), and readers, like YTH domain–containing proteins, mediate the regulatory functions of m6A on modified RNAs (13, 14). As a reversible epigenetic modification, these m6A regulators affect the fate of the modified RNA molecules and play important roles in the tumorigenesis and progression of multiple cancers, including breast cancer (8). Niu et al. found that FTO promoted tumor progression by mediating m6A demethylation in the 3’UTR of BNIP3 mRNA in human breast cancer (15). Cai et al. identified that METTL3 increased HBXIP expression by forming a positive feedback loop of HBXIP/let-7g/METTL3/HBXIP, eventually leading to accelerated cell proliferation in breast cancer (16). Another member of methyltransferases, METTL14, could be recruited by long non-coding RNA (lncRNA) LNC942 and promoted breast cancer initiation and progression by stabilizing the expression of downstream targets of LNC942 including CXCR4 and CYP1B1 through posttranscriptional m6A methylation modification (17). However, the potential biological functions of other m6A regulators, especially most of m6A readers, have not been comprehensively clarified in breast cancer.

In recent years, studies have shown that RNA m6A modification is involved in host antitumor immune responses. Ythdf1-deficient mice showed an elevated antigen-specific CD8+ T cell antitumor response, and loss of YTHDF1 in classical dendritic cells enhanced the cross-presentation of tumor antigens and the cross-priming of CD8+ T cells in vivo. YTHDF1 recognized transcripts encoding lysosomal proteases to increase the translation in dendritic cells via an m6A dependent manner. Moreover, the therapeutic efficacy of PD-L1 checkpoint blockade was enhanced in Ythdf1-deficient mice, implicating YTHDF1 as a potential therapeutic target in anticancer immunotherapy (18). Wang et al. recently found that Mettl3 and Mettl14 enhanced response to anti-PD-1 treatment in colorectal cancer and melanoma. Mettl3- or Mettl14-deficient tumors increased cytotoxic tumor-infiltrating CD8+ T cells and elevated secretion of IFN-c, Cxcl9, and Cxcl10 in tumor microenvironment in vivo (19). Su et al. identified two potent FTO inhibitors and demonstrated that targeting the FTO/m6A axis could significantly suppress cancer stem cell self-renewal and immune evasion by suppressing expression of immune checkpoint genes, especially LILRB4. Targeting FTO by potent inhibitors held therapeutic promise against various types of cancers, including breast cancer (20). Yang et al. demonstrated that FTO inhibition suppresses melanoma tumorigenicity and the expression of melanoma cell-intrinsic genes PD-1 (PDCD1), CXCR4, and SOX10 through an m6A dependent, YTHDF2-mediated mRNA decay. Knockdown of FTO sensitized melanoma cells to interferon gamma and sensitized melanoma to anti-PD-1 treatment in mice, depending on adaptive immunity (21). However, there is still a lack of researches on the mechanism of m6A modification involved in antitumor immune response in breast cancer.

In this study, we aimed to comprehensively characterize the genetic variations of multiple m6A regulators and the correlation of m6A regulators’ expression and immune infiltration in breast cancer. Therefore, we integrated the genomic and transcriptomic information of 15 m6A regulators from more than 1,000 breast cancer samples to evaluate m6A regulators’ mutations, expression pattern, and the relationships between clustering subtypes, clinicopathological characteristics, and immune microenvironment based on TCGA database. Most of m6A regulators revealed differential mRNA and protein expression between tumor and normal tissue in our clinical cohort of breast cancer patients. High expressions of YTHDF1 and YTHDF3 were related to poor survival of patients with breast cancer. Two distinct clustering subsets uncovered by 15 m6A regulators had different immune activation status and might be associated with two cancer-immune phenotypes. Our study elucidated the important role of m6A modification in immune microenvironment of breast cancer, and provided new insights into the regulatory mechanisms of m6A regulators involved in breast cancer immunotherapy.



Materials and Methods


Breast Cancer Dataset Source

The genomic, transcriptomic, and clinical data of this study were downloaded from 1,090 breast cancer in TCGA database (https://portal.gdc.cancer.gov/). For genomic data, 986 and 1,067 samples were used for somatic mutation and copy number variation (CNV) analysis of m6A regulators, respectively. For gene expression data, 1,079 breast samples with corresponding clinicopathological information, including gender, TNM stage, pathologic stage, and survival status, were downloaded for consensus clustering analysis. Among them, 112 breast cancer and paired adjacent normal samples were adopted to analyze differential expression of m6A regulators in groups. For clinical correlation analysis, only those samples with complete clinicopathological data were extracted in different types of grouping.

The Gene Expression Profiling Interactive Analysis (GEPIA) database was adopted to validate the differential expression of m6A regulators (http://gepia.cancer-pku.cn/index.html). The GEPIA was an interactive web server for analyzing the RNA sequencing expression data, and collected more samples from the TCGA and the GTEx projects.



m6A Methylation Regulators Analysis

According to previously published literature, the most widely studied 15 m6A regulators, including six writer complexes (METTL3, METTL14, METTL16, WTAP, VIRMA, RBM15), two erasers (FTO, ALKBH5), and seven readers (YTHDC1/2, YTHDF1/2/3, HNRNPA2B1, EIF3A), were chosen in this study (8, 22). Genetic variation and differential expression analysis of these 15 m6A regulators were performed based on the TCGA data.



Correlation of CNV Pattern and Gene Expression

To investigate the effects of CNV on gene expression, the CNV patterns of 15 m6A regulators were divided into deep deletion, shallow deletion, diploid, copy number gain, and amplification in 1,059 breast cancer samples. The relative expression levels of 15 m6A regulators were used for analyzing the relationship between mRNA expression and CNV.



Clinical Breast Cancer Samples

Thirty-nine pairs of frozen breast tumor and matched adjacent samples were obtained from Qilu Hospital with all patients’ informed consent. This study was also approved by the Ethics Committee of Qilu Hospital of Shandong University (Qingdao). The clinical data of 39 patients was shown in Supplementary Table S6. Thirty-three pairs of breast tissues were used for qRT-PCR analysis of m6A regulators. Six paired samples of tumor and adjacent tissues were used for protein expression analysis of five major regulators by (IHC), and all 39 paired samples were used for expression analysis of YTHDF1 and YTHDF3 by IHC. Seven paired samples used in qRT-PCR validation were adopted for western blot analysis.



RNA Extraction, Reverse Transcription, and qRT-PCR

Total RNA was extracted from the tumor and matched adjacent tissue samples using TRIzol LS reagent (Thermo Fisher Scientific, USA), and the cDNA was synthesized by Reverse Transcriptase M-MLV (Takara, Japan) following the manufacturer’s instructions. In addition, qRT-PCR was performed with SYBR® Premix Ex Taq™ II (Takara, Japan). GAPDH was used as endogenous control for m6A regulators’ qRT-PCR. All primers of several regulators were listed in Supplementary Table S9. The relative regulators’ expression was compared using 2−ΔCt between tumor and adjacent samples, with ΔCt = Ctregulator – CtGAPDH.



Western Blot

For western blot, 100 mg of fresh tissues were isolated, homogenized, and added into RIPA Lysis Buffer (Thermo Scientific, USA). After ultrasonic treatment, the proteins of the lysated samples were prepared. A total of 30 μg of protein per sample was quantified and separated by SDS-PAGE, then electrically transferred to a polyvinylidene fluoride (PVDF) membrane (Millipore, USA). The primary antibodies of METTL3 (Cat. No. 382974, Zen bioscience, China), METTL14 (Cat. No. 508530, Zen bioscience, China), FTO (Cat. No.R24362, Zen bioscience, China), YTHDF1 (Cat. No. A18126, ABclonal, China), YTHDF3 (Cat. No. A8395, ABclonal, China), and β-actin (Cat. No. ab8227, Abcam, UK) were diluted in corresponding proportion (Supplementary Table S10) and incubated with the PVDF membrane, then incubated with the secondary antibodies labeled by HRP (Cat. No. ab6721, Abcam, UK). ECL chemiluminescence method was used for testing.



IHC

For IHC, the slides were deparaffinized, rehydrated at room temperature after roasting, then placed in a pressure cooker for antigen retrieval. After natural cooling, antigen sealing was performed. The primary antibodies of METTL3and METTL14 were diluted at 1:100, FTO was diluted at 1:20, and YTHDF1 and YTHDF3 were diluted at 1:200, incubated at room temperature, then the secondary antibodies were added for incubation. DAB was added for color development, and the slides were finally counterstained with hematoxylin, dehydrated, and mounted with Permount (Thermo Fisher Scientific, USA). Protein expression levels were analyzed by an automatic section scanning system (Roche, USA) and matching analysis software.



Prognosis Analysis

The UALCAN online tool (http://ualcan.path.uab.edu) was a comprehensive, user-friendly, and interactive web resource for analyzing cancer OMICS data. The UALCAN tool was adopted to analyze the relationship of gene expression and breast cancer patient survival information based on gene expression levels of m6A regulators based on the TCGA database.

The Human Protein Atlas (HPA, https://www.proteinatlas.org/) was used to validate the correlation between m6A regulators’ expression levels and breast cancer patients’ survival. The prognosis of each group of patients was examined by Kaplan-Meier survival estimators, and the survival outcomes of the two groups were compared by log-rank tests.

The Kaplan-Meier Plotter analysis tool (http://kmplot.com/analysis/) was used to further access the effect of m6A regulators’ expression levels on the prognosis of patients with breast cancer. The Kaplan-Meier Plotter collected more sample source from multiple databases including GEO, EGA, and TCGA.



Consensus Clustering Analysis

To functionally identify distinct m6A modification patterns based on the expression of 15 m6A regulators in breast cancer, we employed the “ConsensusClusterPlus” package (1,000 iterations and resample rate of 80%, http://www.bioconductor.org/) to classify the patients with breast cancer into different subtypes. The number of clusters and their stability were determined by the consensus clustering algorithm.



Estimation of TIME Cell Infiltration

The immunoscore for each patient was calculated with the ESTIMATE algorithm through the R “estimate package” (23). The fraction of 22 immune cell types for each sample was yielded by estimating relative gene subsets of RNA transcripts in different cell types (CIBERSORT; https://cibersort.stanford.edu/). The algorithm of 1,000 permutations was adopted. Only samples with a CIBERSORT p < 0.05 were included to perform the subsequent analysis of comparing differential immune infiltration levels between the subgroups grouped by clustering subtypes.



Gene Set Enrichment Analysis

The gene set enrichment analysis (GSEA) was provided by the JAVA program with Molecular Signatures Database (MSigDB) v7.1 and download from the website of Broad Institute (https://www.gsea-msigdb.org/gsea/index.jsp). Then, differentially enriched hallmark gene sets between the two groups were defined by an effect size of normalized enrichment score (NES) differences being greater than 1.5 and nominal p-value < 0.05.



Identification of Differential Genes Between Distinct m6A Modification Phenotypes

The previous consensus clustering classified breast cancer patients into two distinct m6A modification patterns, and we next determined m6A modification-related differentially expressed genes (DEGs) among these two m6A phenotypes. The R package “limma” was used to evaluate DEGs in breast cancer samples between different modification clusters. The strict filtering criteria of DEGs were set as an adjusted p-value less than 0.001.



Statistical Analysis

The association between m6A regulatory genes’ CNV and clinicopathological characteristics were analyzed with chi-square test or Student’s t test. The expression levels of the m6A RNA methylation regulators were compared with the Mann-Whitney U test in breast cancer tissues versus paired normal tissues. Student’s t test was used to perform difference comparison of two groups. Survival curves were generated using the Kaplan-Meier method with calculated hazard ratio with the 95% CI, and the difference between groups was compared with the log rank test. Univariate analysis was conducted using Cox regression model to determine the independent prognostic value of 15 m6A regulators in breast cancer, and multivariate analysis was performed to test the independent prognostic value of the clusters and other clinical variables. Spearman correlation analysis was performed among 15 m6A regulators and 22 infiltration cell types. All statistical results with a p-value < 0.05 were considered to be significant. All data processing was done in R 3.6.1 software.




Results


Landscape of Genetic Variations of m6A Regulators in Breast Cancer

To evaluate the biological functions of m6A regulators in breast cancer, a total of 15 m6A regulators including six writer complexes (METTL3, METTL14, METTL16, WTAP, VIRMA, RBM15), two erasers (FTO, ALKBH5), and seven readers (YTHDC1/2, YTHDF1/2/3, HNRNPA2B1, EIF3A) were investigated based on available TCGA dataset. We first assessed the frequency of somatic mutations and CNVs of 15 m6A regulators in breast cancer. Among 986 samples, only 63 (6.39%) samples had mutation events of m6A regulators. Several members of m6A writer complexes and readers exhibited 1% mutation frequency, while main methyltransferases (METTL3, METTL14) and demethylases (FTO, ALKHB5) did not mutate in breast cancer samples (Figure 1A). However, it was found that 15 regulators had prevalent CNV alteration events, and most showed higher frequency of CNV amplification in 1,067 breast cancer samples. The writer gene VIRMA (67.85%, 724/1,067) harbored the most CNV events among the 15 regulators, followed by reader gene YTHDF3 (62.70%, 669/1,067) and YTHDF1 (59.70%, 637/1,067, Figure 1B). The location of CNV alterations of m6A regulators on chromosomes was shown in Supplementary Figure S1A. Then, we intended to know whether the global CNV alterations of 15 regulators were associated with the clinicopathological characteristics of breast cancer patients. The results revealed that global CNV alteration events of m6A regulators had no correlations with patients’ age, gender, pathological stage, TNM stage (Supplementary Table S1), and overall survival (p = 0.89, Supplementary Figure S1B). However, single regulator’s CNV analysis showed that the CNV alterations were associated with pathological stage and T stage, including VIRMA, YTHDF1, and YTHDF3 (Supplementary Tables S2–S5). We unexpectedly found the most significant correlation in METTL14’s CNV and patients’ T stage (p = 9.66E-05). Therefore, some m6A regulators’ CNV events might be potential biomarkers of patient’s stage in breast cancer.




Figure 1 | Landscape of somatic mutations and CNVs of 15 m6A regulators in breast cancer. (A) The waterfall plot of tumor somatic mutations of 15 m6A regulators in 986 breast cancer patients. Each column represented a sample or patient, and mutation rates in the tumor samples were shown in the top barplot. The number on the right indicated the mutation frequency of each regulator, and the right barplot showed the proportion of each variant type. The bottom barplot represented the proportion of each base mutation in each sample. (B) The CNVs frequency of 15 m6A regulators in 1,067 breast cancer samples. The height of the column represented the variation frequency. The blue dot was deletion frequency; the red dot was amplification frequency.





Differential mRNA Expression Pattern of m6A Regulators in Breast Cancer

To assess whether the above genetic variations affected gene expression levels of m6A regulators in breast cancer patients, we first compared the mRNA levels between 112 paired breast cancer and adjacent normal samples based on TCGA data, and found that most m6A regulatory genes were significantly different in breast cancer and normal samples (p < 0.05), except for YTHDC2 (p = 0.083) and ALKBH5 (p = 0.092, Figures 2A, B). Among them, the expression of RBM15, VIRMA, HNRNPA2B1, and YTHDF1/2/3 were significantly upregulated, but METTL3, METTL14, METTL16, WTAP, FTO, YTHDC1, and EIF3A had lower expression in breast cancer compared to normal samples (Figures 2A, B). FTO had the most significant difference with downregulation in paired tumor samples (p = 7.10E-19). We chose some regulators for RT-qPCR validation, and the qPCR results revealed that METTL3, METTL14, and FTO had consistently low expression in 33 paired samples with TCGA data, while YTHDF1 and YTHDF3 showed increased expression in tumor samples compared to adjacent tissues (Figure 2C). We adopted the GEPIA analysis tool, which included more normal samples from the GTEx projects, to analyze the expression difference of these five regulators, and it showed that METTL3 and FTO were significantly downregulated in breast tumor samples, YTHDF1 and YTHDF3 were significantly upregulated in tumor tissues (Figure 2D). Therefore, these public data and our experimental results validated differential mRNA expression of several regulators in breast cancer. Furthermore, western blot revealed that the protein levels of METTL3, METTL14, and FTO were significantly lower in seven breast tumor samples randomly selected from RT-qPCR samples, while YTHDF1 and YTHDF3 had higher protein expression compared to adjacent tissues (Figure 2E). Six paired samples from two luminal B, two Her2 enriched, and two triple-negative breast cancer (TNBC) patients were used for IHC of METTL3, METTL14, FTO, YTHDF1, and YTHDF3. These breast cancer patients with distinct molecular subtypes all represented lower expression of FTO, METTL3, and METTL14, and higher expression of YTHDF1 and YTHDF3 in tumor compared to the corresponding adjacent samples (Supplementary Table S6 and Figure 2F). Furthermore, the deceased patients had relatively reduced expression of FTO, METTL3, and METTL14 in tumor tissues, and increased levels of YTHDF1 and YTHDF3 than the alive patients who were diagnosed with breast cancer at the same period (Figure 2F). All 39 paired samples were used for expression validation of YTHDF1 and YTHDF3, and the results revealed that YTHDF1 and YTHDF3 had higher expression in 32 and 30 tumor samples compared to the corresponding adjacent tissue, respectively (Supplementary Files 1 and 2). These results suggested consistent mRNA and protein expression difference of major m6A regulators in breast cancer.




Figure 2 | Relative mRNA and protein expression levels of m6A regulators in breast cancer. (A) The heatmap of 15 m6A regulators’ expression levels in 112 paired breast cancer samples; red, breast cancer; blue, adjacent normal samples. (B) The barplot of relative expression levels of m6A regulators in paired samples; BRCA, breast cancer. (C) The qPCR validation results of five significantly differential m6A regulators in 33 paired clinical samples of breast cancer patients. (D) The relative expression levels of five m6A regulators in tumor and normal samples based on GEPIA analysis, p < 0.01. (E) The western blot results of five m6A regulators in seven paired tumor and adjacent samples, and β-actin was used as endogenous control. (F) The IHC of five m6A regulators in six patients with different molecular subtypes and survival state. The asterisks represented the statistical p-value, *p < 0.05, **p < 0.01, ***p < 0.001.



Considering the relationship between genetic variations and gene expression, the effects of CNV alterations in m6A regulators on the mRNA expression were analyzed (detailed information in supplementary materials). The results showed that the mRNA levels of all genes were significantly associated with diverse CNV patterns in 1,059 breast cancer samples; CNV gain or amplification was related to higher expression; however, shallow or deep deletion resulted in lower mRNA levels (Figure 3A and Supplementary Figure S2). The UALCAN online tool was used to analyze the prognostic value of 15 m6A regulators based on medium expression levels from 1,081 breast cancer patients, and just identified that high mRNA expression of YTHDF1 was associated with poor survival (p = 0.0063, Figure 3B). The HPA analysis also validated that YTHDF1 was prognostic, and its high mRNA expression was unfavorable in 1,075 breast cancer samples (p = 0.0008, Figure 3C). A univariate Cox regression model revealed the prognostic values of 15 m6A regulators in patients with breast cancer, and only YTHDF3 had prognostic significance (Figure 3D). Interestingly, the HPA data showed that patients with high YTHDF3 expression also had poorer survival probability (p = 0.011, Figure 3E). Moreover, the Kaplan-Meier Plotter online database revealed high expression of YTHDF3 protein predicted poor prognosis (p = 0.0038, Figure 3F). In addition, we evaluated the prognostic roles of YTHDF1 and YTHDF3 in different molecular subtypes of breast cancer from HPA data and found that high expression of YTHDF1 was significantly related with poor prognosis in Her2 enriched and luminal B subtypes, while high expression of YTHDF3 was significantly correlated with poor prognosis in Her2 enriched, luminal A, and luminal B subtypes (Supplementary Figure S3). Therefore, these results suggested that m6A reader YTHDF1 and YTHDF3 might be potential survival biomarkers of breast cancer.




Figure 3 | The survival correlation of YTHDF1 and YTHDF3 in breast cancer based on the online database. (A) The correlations between different CNV patterns and mRNA expression levels of five m6A regulators; other regulators were represented in Supplementary Figure S2. (B) Overall survival analysis for high and low/medium expression of YTHDF1 using Kaplan-Meier curves by UALCAN analysis, p = 0.0063. (C) The correlation of YTHDF1 expression and patients’ survival in breast cancer based on the HPA, p = 0.0008. (D) The prognostic analyses for 15 m6A regulators in breast cancer based on TCGA database using a univariate Cox regression model. Hazard ratio >1 represented risk factors for survival. (E) The correlation of YTHDF3 expression and patients’ survival in breast cancer based on the HPA, p = 0.011. (F) The correlation of YTHDF3 protein expression and patients’ survival in breast cancer by Kaplan-Meier Plotter tool, p = 0.0038.





Significant Correlation of Consensus Clustering for m6A Regulators With the Survival of Breast Cancer Patients

Considering the correlation of gene expression and the clinicopathological characteristics of breast cancer patients, consensus clustering of the 15 m6A regulators was performed in breast cancer patients. The k = 2 was identified with optimal clustering stability from k = 2 to 9 based on the similarity displayed by the expression levels of m6A regulators and the proportion of ambiguous clustering measure (Figure 4A). Total 1,079 breast cancer patients were clustered into two subtypes, named, cluster 1 (n = 669) and cluster 2 (n = 410), based on the mRNA levels of the m6A regulators (Figure 4B). Most m6A regulators were differentially expressed in two clusters, and high expression of METTL14, VIRMA, METTL16, FTO, EIF3A, YTHDC1/2, and YTHDF3 were shown in cluster 1 (Figures 4C–G and Supplementary Figure S4). The overall survival of cluster 2 was longer than those of cluster 1 (p = 0.029, Figure 4H). Therefore, consensus clustering of these m6A regulators could serve as a potential prognostic factor for breast cancer. However, other clinicopathological features between the two subtypes did not have significant differences except for M (metastasis) stage of patients (p = 0.0065, Figure 4B and Supplementary Table S7). The finding suggested the clustering subsets defined by 15 m6A regulators’ expression might be due to the heterogeneity of breast cancer patients. To further explore the interaction among these regulators, we analyzed the correlations of 15 m6A regulators (Figure 4I). It could be found that the expression levels of METTL14, VIRMA, RBM15, YTHDC1/2, YTHDF1/2/3 were positively correlated with each other (p < 0.05). The m6A reader YTHDF3 had the most significant correlation with m6A writer complex VIRMA, followed by YTHDC1/2 with METTL14 (p < 0.05). These results suggested possible functional links between m6A readers and writers in breast cancer.




Figure 4 | Patterns of 15 m6A regulators and clinicopathological features in TCGA cohort. (A) Consensus clustering matrix for k = 2. (B) Unsupervised clustering of 15 m6A regulators and clinicopathological features of 1,079 breast cancer patients from TCGA data. The gender, survival status, TNM stage and pathological stage were used as patient annotations. (C–G) The relative expression levels of METTL3 (C), METTL14 (D), FTO (E), YTHDF1 (F) and YTHDF3 (G) between cluster 1 and cluster 2, other regulators were represented in Supplementary Figure S4. *p < 0.05, **p < 0.01, ***p < 0.001. (H) Kaplan-Meier curves of overall survival for patients with breast cancer in two clusters. (I) Spearman correlation analysis of the 15 m6A methylation regulators, positive correlation was marked with red. (J) The clinical subtypes of breast cancer patients in cluster 1 and cluster 2 based on the PAM50. (K) Kaplan-Meier curves of overall survival for patients with luminal A subtype in two clusters. (L) The multivariate Cox regression model analysis of different clinical variables.



Interestingly, the TCGA samples could be classified into five recognized subtypes according to the PAM50 classifier (24), including luminal A, luminal B, basal-like, Her2 enriched, and normal-like (Figure 4J). Each clinical subtype was reclassified using the two clusters defined by 15 m6A regulators, and the results showed that there was a significant difference in overall survival between the two groups in the luminal A subtype (p = 0.05, Figure 4K). The difference began at about 75 months and became significant at 150 months, up to about 220 months. A multivariate Cox regression model revealed that the clusters had relatively higher hazard ratio with most of the clinical variables (p = 0.019, Figure 4L).



Consensus Clustering for m6A Regulators Associated With Distinct Cancer-Immune Phenotypes

To inquiry the involvement of immune regulation with m6A RNA methylation, we analyzed differential expression of several immune checkpoints, such as CD80, CD86, CTLA-4, HAVCR2, IDO1, LAG3, PD-1, PD-L1, PD-L2, TIGIT, and TNFRSF9 in two subtypes defined by m6A regulators (25). The results revealed CTLA-4, IDO1, LAG3, PD-1, TIGIT were significantly upregulated in cluster 2 compared to cluster 1 (Figure 5A). Interestingly, all immune activation transcripts CD8A, CXCL9, CXCL10, TNF, IFNG, TBX2, GZMB, PRF1, and GZMA also had higher expression in cluster 2 (Figure 5B) (25). This suggested that cluster 2 was significantly related to immune activation status, so had longer survival compared to cluster 1 (Figure 4H).




Figure 5 | Tumor immune microenvironment (TIME) cell infiltration characteristics and immune-related gene expression in two clusters. (A) Differential expression of immune checkpoint-related genes in two clusters. (B) Differential expression of immune activation-related genes in two subtypes. (C) Immunoscore in the cluster 1 and cluster 2 subtypes. (D) The infiltrating levels of 22 immune cell types in cluster 1 and cluster 2 from the TCGA cohort. (E, F) GSEA results revealed that TGF-β signaling (E) and angiogenesis (F) were significantly enriched in cluster 1. (G) The correlation between each TIME infiltration cell type and each m6A regulator using spearman analyses. Negative correlation was marked with blue and positive correlation with red. *p < 0.05, **p < 0.01, ***p < 0.001.



To investigate the effect of m6A regulators on the tumor immune microenvironment (TIME) of breast cancer, we first assessed the immunoscore between cluster 1 and cluster 2, and cluster 2 had higher immunoscore (Figure 5C). Subsequently, the immune infiltrate fraction of 22 immune cell types was analyzed. Cluster 1 showed higher infiltration levels of dendritic cells resting, macrophages M2, mast cells resting, neutrophils, and T cells CD4 memory resting, whereas cluster 2 was remarkably rich in B cells memory, NK cells activated, T cells CD8, T cells follicular helper, and T cells regulatory Tregs (Figure 5D). These results suggested a stronger immune activation of T cells and NK cells in cluster 2, consistently, and patients with this m6A modification pattern had longer survival (Figure 4H). The IHC results validated a part of 39 clinical breast tumor samples had distinct CD4+, CD8+, and regulatory T cell infiltration (Supplementary Figure S5). However, patients in cluster 1 similarly represented a degree of immune cell infiltration. We speculated that the profile of cluster 1 was the immune-excluded phenotype, which was also characterized by the presence of abundant immune cells, but the immune cells did not penetrate the parenchyma of these tumors but instead were retained in the stroma that surrounded nests of tumor cells (26). Therefore, reactive stroma in cluster 1 might be represented by increased influence of immunosuppression. The GSEA analyses revealed that stromal activation-related pathways were significant enrichment in cluster 1, such as TGF-β signaling (p = 0.0019, Figure 5E) and angiogenesis (p = 0.0495, Figure 5F). In addition, the infiltration of inactivated innate immune cells of cluster 1 in our results was in accordance with the characterization of the “innate immune-inactivated” cluster described by Xiao et al. (27). Therefore, these results verified our inference that the patients in cluster 1 had immune-excluded phenotype. Although patients of cluster 2 had a survival advantage, the profile of this cluster was more like the immune-inflamed phenotype, which was characterized by the presence in the tumor parenchyma of both CD4- and CD8-expressing T cells, often accompanied by myeloid cells and monocytic cells, and the immune cells were positioned in proximity to the tumor cells (26). High PD-1, IDO1, and TNF expression and high innate and adaptive immune cells infiltration in cluster 2 accorded with the phenotype feature of inflamed tumors (Figures 5A, B) (26, 27).

We then explored the correlations between each immune infiltration cell type and each m6A regulator using spearman’s correlation analyses. The results showed that YTHDC2 was correlated with 15 infiltrating immune cells (p < 0.05), followed by EIF3A and YTHDF3 (Figure 5G). This indicated potential functions of m6A readers in regulating intratumoral antitumor immune response via m6A methylation.



m6A Phenotype-Related Gene Signatures and Clinical Correlation in Breast Cancer

Although the consensus clustering based on 15 m6A regulators’ expression classified breast cancer patients into two m6A modification clusters, the underlying m6A phenotype-related transcriptional expression differences within these two clusters were not well known. We found 533 differentially expressed genes among the two m6A modification patterns, including 273 upregulated and 260 downregulated genes. There were 211 oncogenes high-expressed in cluster 1, including the well-known KRAS, NRAS, BCL2, EGFR, ABL1, MET, KIT, MDM2, ETS1, PIK3CA, and cluster2 high-expressed 175 oncogenes, including HRAS, JUN, AKT1 (Supplementary Table S8). These results indicated that more oncogenes were highly expressed in cluster 1, which had a worse prognosis (Figure 4H). KEGG pathway analysis of these differential genes revealed that enrichment of pathways remarkably related to estrogen signaling, IL-17 signaling, prolactin signaling pathways, and breast cancer, which confirmed that m6A modification played important roles in breast-related hormone signaling and immune regulation (Figure 6A). To further validate this regulation mechanism, we then performed unsupervised consensus clustering based on the further filtered m6A phenotype-related genes in order to classify these patients into different transcriptomic subtypes. Consistent with the clustering of m6A modification patterns, the unsupervised clustering also revealed two distinct m6A gene signature subtypes, and we named m6A gene cluster A-B, respectively (Figure 6B). Therefore, the m6A phenotype-related gene signatures could be used for subtyping in breast cancer.




Figure 6 | Construction of differential expression of m6A gene signatures and functional annotation. (A) Functional annotation for 533 m6A-related genes using KEGG pathway analysis. The yellow barplots represented the number of genes enriched; the green barplots represented p-value. (B) Unsupervised clustering of overlapping m6A phenotype-related DEGs to classify breast cancer patients into different subtypes, termed as cluster A and B, respectively. The gene signature subtypes, m6A clusters, tumor stage, gender, and age were used as patient annotations.






Discussion

To date more than 170 types of RNA modification have been identified in various RNA types, including those in mRNA, tRNA, rRNA, and other non-coding RNAs (28). Among them, m6A is the most common internal RNA modification in mRNA and has been found to be highly conserved in mammals and other eukaryotic species (28). Although first discovered in the 1970s (29), the absence of detection methods and the ambiguity of molecular mechanisms made the progress of this field slow. The identification of numerous m6A RNA methylation regulators including “writers” (methyltransferases), “erasers” (demethylases), and “readers” (recognition proteins) unveiled its functional importance of this epitranscriptomic modification in various cell types. At the molecular level, the m6A modification functions at almost lifetime of the mRNA metabolism, including alternative splicing, export, and translation, and regulates mRNA decay (30). These m6A regulators participate in tumor cell differentiation, angiogenesis, immune response, inflammatory response, or carcinogenesis via regulating expression of tumor-related genes dependent on its m6A modification (22). However, the roles of m6A regulators have been only sporadically reported in breast cancer. Several previously published reports revealed that m6A methyltransferases and demethylases both had oncogenic functions by regulating different targets in breast cancer, including METTL3 (16), METTL14 (17), FTO (15), and ALKBH5 (31). Therefore, simultaneously systematic study of biological value of most of these regulators is necessary in breast cancer.

Considering the role of genetic alternations in tumorigenesis, we firstly focused on the possibility of genomic variations of 15 chosen m6A regulators in breast cancer based on TCGA dataset. To our knowledge, this was the first time to study mutations of m6A RNA methylation regulators in breast cancer. Although few samples (6.39%) of breast cancer showed somatic mutations in these m6A regulators, most samples had CNV amplification events with relatively high frequency. In gastric cancer, 101 of 433 samples (23.33%) experienced mutations of 21 m6A regulators; however, most regulators had CNV amplification with relatively lower frequency than breast cancer (25). In head and neck squamous cell carcinoma (HNSCC), only 41 (8.1%) of 506 samples had mutation events in any of the 10 m6A regulatory genes, and the levels of CNV events ranged from 23.58 to 57.36% (32), which were lower than that of most regulators in our data. These results suggested tumor heterogeneity in various cancers. Interestingly, the reader gene YTHDF3 showed higher frequency of CNV events in all three cancers. However, only METTL3 deep or shallow deletion showed poorer overall survival in all regulators’ CNV events. Therefore, the CNV data based on exome sequencing from TCGA database might be further validated in more clinical samples by other CNV detection methods to rule out false positive results.

In this study, the expression of m6A “writers” METTL3, METTL14, and “erasers” FTO were downregulated in 112 tumor samples compared to the paired normal controls based on TCGA breast cancer dataset. It seemed that these m6A regulators did not function as oncogenes with high expression reported by other studies (15–17). The survival analysis based on the expression levels of 15 m6A regulators found that upregulated m6A readers YTHDF1 and YTHDF3 predicted poor survival. Coincidentally, Anita et al. recently showed that YTHDF1 and YTHDF3 aberrations were associated with metastasis and predicted poor prognosis in breast cancer patients (33). Chang et al. reported YTHDF3 could promote breast cancer brain metastasis by inducing the translation of m6A-enriched gene transcripts (34). However, the potential roles of YTHDF1 and YTHDF3 revealed in this study were merely validated in limited data and clinical samples. The molecular mechanism that how these two m6A readers functioned in breast cancer needs to be studied in the future.

Two clusters of patients with breast cancer were uncovered based on the expression levels of 15 m6A regulators, and most of these regulators revealed significant difference in two clusters. Although molecular heterogeneity and different clinicopathological features existed in most patients, the overall survival of patients in these two clusters revealed significant difference. Previous studies though identified breast cancer subtypes based on genomic, transcriptomic, or metabolic profiling (35–37). The cluster strategy by epitranscriptomic data based on the expression levels of m6A regulators also provided novel idea to improve the power of diagnosis, prognosis, and precision-focused, personalized treatment for breast cancer. Similarly, the molecular information of m6A regulators were applied to the subtyping of distinct cancers, including gastric cancer (25), colon cancer (38), and clear-cell renal carcinoma (39).

Recently, immunotherapy is emerging as a new treatment modality in breast cancer. Immune checkpoint inhibitor therapy by targeting the PD-1 axis has provided promising approaches in the field of breast cancer treatment (40, 41). The m6A RNA methylation was newly found to function in controlling various aspects of immunity, including immune recognition, activation of innate and adaptive immune responses, especially in antitumor immune responses (42). Therefore, we hypothesized that breast cancer patients with different m6A patterns might have different immune responses. Consensus clustering of 15 m6A regulators could divide 1,079 breast cancer patients into two subsets, and most m6A regulators had significantly differential expression in two clusters. Surprisingly, a lot of immune checkpoint genes (PD-1, CTLA-4) and immune activation transcripts (CD8A, IFNG) were high-expressed in cluster 2 compared to cluster 1. Immune activation status in cluster 2 implied better antitumor responses. Our results also revealed the overall survival of cluster 2 was longer than that of cluster 1. Furthermore, the significant survival differences between the two clusters might be related to the more important role of the higher immunoscore in cluster 2.

The tumor microenvironment is the primary location in which tumor cells and the host immune system interact. Tumor microenvironment plays an essential regulatory role in tumorigenesis and development, and its heterogeneity can influence patient prognosis and therapeutic response. Different lymphocytes infiltrate into the tumor microenvironment, and they can modulate tumor immune responses in both primary tumors and metastatic sites (43, 44). In the present study, the differences of immune cell infiltration in two clusters demonstrated that the m6A modification patterns could shape different TIME landscapes. Therefore, a comprehensive analysis of the m6A modification patterns will enhance our understanding of TIME cell infiltrating features. We speculated that cluster 1 and cluster 2 exhibited immune-excluded and immune-inflamed phenotypes, respectively. In the immune-excluded phenotype, the stroma may be limited to the tumor capsule or might penetrate the tumor itself, making it seem that the immune cells are actually inside the tumor (26). The GSEA results verified stromal activation signaling pathways were enriched in cluster 1. The profile of immune-inflamed phenotype suggests the presence of a pre-existing antitumor immune response that was arrested, and inflamed tumors also contain proinflammatory cytokines that should provide a more favorable environment for T-cell activation and expansion, including type I and type II IFNs, tumor-necrosis factor (TNF)-α (26). Our results also suggested cluster 2 had higher expression of some proinflammatory cytokines. Furthermore, the TIME phenotypes of these two clusters identified by m6A RNA methylation regulators in our study were highly consistent with that of two clusters (cluster 2 and 3) in a triple-negative breast cancer study (27). Cluster 3 (immune-inflamed cluster) had significantly better relapse-free survival and overall survival than cluster 2 (innate immune-inactivated cluster), which also confirmed the prognostic analysis in our study (27). The different immune phenotypes revealed by these two clusters in current analysis need to be explored further in clinical samples.

In conclusion, this study systematically evaluated the genetic variations and gene expression levels of 15 m6A regulators in breast cancer. The CNV alternations had important effects on gene expression of m6A RNA methylation regulators. Several m6A regulators had significantly differential mRNA and protein expression in breast tumor and adjacent tissues, and m6A readers YTHDF1 and YTHDF3 might be good survival predictors. Two breast cancer clusters (cluster 1 and cluster 2) were identified via the consensus clustering for m6A regulators. These clusters represented different survival situations, which could be further explained by the diversity of tumor immune microenvironment in these two subgroups. The clusters of breast cancer defined by m6A regulator patterns also showed different cancer-immune phenotypes. Therefore, identifying m6A regulator pattern might be helpful to uncover the mechanism underlying tumor microenvironment and immune responses. Our findings provided novel insights for improving breast cancer patients’ clinical response to immunotherapy in the future.
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Background

Patients with triple-negative breast cancer (TNBC) have poor overall survival. The present study aimed to investigate the potential prognostics of TNBC by analyzing breast cancer proteomic and transcriptomic datasets.



Methods

Candidate proteins selected from CPTAC (the National Cancer Institute’s Clinical Proteomic Tumor Analysis Consortium) were validated using datasets from METABRIC (Molecular Taxonomy of Breast Cancer International Consortium). Kaplan-Meier analysis and ROC (receiver operating characteristic) curve analysis were performed to explore the prognosis of candidate genes. GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment analysis were performed on the suspected candidate genes. Single-cell RNA-seq (scRNA-seq) data from GSE118389 were used to analyze the cell clusters in which OBFC2A (Oligosaccharide-Binding Fold-Containing Protein 2A) was mainly distributed. TIMER (Tumor Immune Estimation Resource) was used to verify the correlation between OBFC2A expression and immune infiltration. Clone formation assays and wound healing assays were used to detect the role of OBFC2A expression on the proliferation, invasion, and migration of breast cancer cells. Flow cytometry was used to analyze the effects of silencing OBFC2A on breast cancer cell cycle and apoptosis.



Results

Six candidate proteins were found to be differentially expressed in non-TNBC and TNBC groups from CPTAC. However, only OBFC2A was identified as an independently poor prognostic gene marker in METABRIC (HR=3.658, 1.881-7.114). And OBFC2A was associated with immune functions in breast cancer. Biological functional experiments showed that OBFC2A might promote the proliferation and migration of breast cancer cells. The inhibition of OBFC2A expression blocked the cell cycle in G1 phase and inhibited the transformation from G1 phase to S phase. Finally, downregulation of OBFC2A also increased the total apoptosis rate of cells.



Conclusion

On this basis, OBFC2A may be a potential prognostic biomarker for TNBC.





Keywords: OBFC2A, triple-negative breast cancer, prognosis, overall survival, molecular biology



Introduction

Breast cancer has the highest incidence of malignant tumors among women worldwide, posing a serious threat to their health (1). The classification system that can explain the heterogeneity of breast cancer divides breast cancer into the following subtypes: luminal A-like subtype, luminal B-like subtype, HER2 subtype, non-luminal or luminal, and basal-like subtype (2). More than 90% of basal-like breast cancers represent TNBC (triple-negative breast cancer), and basal-like breast cancer is the most common type of TNBC (3). Existing studies have shown that the specific mechanism of TNBC is not clear. Biologically, TNBC tumors tend to be more aggressive and larger, with higher oncology grades and lymph node metastasis. Due to the lack of clear molecular targets, the drug treatment of TNBC depends on chemotherapy. Compared with other breast cancer subtypes, TNBC patients have a higher long-term recurrence rate and poor prognosis (4). Therefore, new prognostic factors and therapeutic targets for TNBC need to be explored.

In tumor research, genes that promote the occurrence and development of cancer were often screened in gene expression profiles (5). In recent years, due to the rise of proteomics, screened biomarkers were more in line with clinical characteristics (6). Gillette et al. (7) performed a comprehensive proteomic characterization to explore the biology of lung adenocarcinoma and identify new therapeutic opportunities. In addition, Clark et al. have shown that CPTAC had performed a comprehensive proteogenomic characterization to elucidate the impact of genomic alterations driving phenotypic changes and outline the mechanisms of clear cell renal cell carcinoma pathobiology (8). In general, a comprehensive analysis of the proteome and transcriptome has the potential to reveal the characteristics of new diseases (9).

In this study, we hypothesized that certain genes play a role in the occurrence and development of TNBC and thus can be used to predict the prognosis of patients with TNBC. We herein investigated the datasets of breast cancer from CPTAC to compare the proteomics datasets of TNBC and non-TNBC groups to explore potential prognostic genes for TNBC. Furthermore, we used the METABRIC dataset for verification. Then, OBFC2A promoted TNBC cell proliferation, migration, and the transformation from G1 phase to S phase, inhibited cell apoptosis. By combining proteomics and transcriptomics to discover promising cancer biomarkers, it was concluded that OBFC2A may be indicative of unfavorable prognosis in TNBC.



Material and Methods


Patient Data Acquisition

Breast cancer proteomics datasets (TCGA Cancer Proteome Study of Breast Tissue) and clinical data were downloaded from the CPTAC website (https://proteomics.cancer.gov/programs/cptac). A total of 105 TCGA breast cancer samples were analyzed using iTRAQ (isobaric tags for relative and absolute quantification) protein quantification methods. The samples included four breast cancer subtypes (luminal A, luminal B, basal-like, and HER2-enriched). After excluding patients with incomplete clinical pathological data, this study enrolled 101 patients for subsequent analysis. The scRNA-seq (single-cell RNA-seq) data (1,534 cells in six fresh triple-negative breast cancer tumors) of GSE118389 (10) were also downloaded from GEO (Gene Expression Omnibus) (https://www.ncbi.nlm.nih.gov/geo/). Gene expression and clinical data of 1,904 breast cancer patients from the METABRIC (Molecular Taxonomy of Breast Cancer International Consortium) breast studies were downloaded from the cBioPortal (https://www.cbioportal.org/).



Differentially Expressed Protein Identification

The batch correction of the CPTAC datasets was performed using ‘Limma’ package (version 3.44.3) and ‘impute’ package version 1.62.0 of R language (version 4.0.0). The R language was used to analyze differentially expressed proteins in the non-TNBC (n=77) and TNBC (n=24) groups. Differentially expressed protein cutoff criteria were a FDR (false discovery rate) corrected p-value<0.01, and logFC > 0.



GO (Gene Ontology) and KEGG (Kyoto Encyclopedia of Genes and Genomes) Pathway Enrichment Analysis

The ‘clusterProfiler’ package (version 3.16.0), ‘org.Hs.eg.db’ package (version 3.11.4), ‘enrichplot’ package (version 1.8.1), ‘digest’ package (version 0.6.25), ‘GOplot’ package (version 1.0.2) and ‘ggplot2’ package (version 3.3.1) of R language were used to perform GO analysis to expound the BPs (biological processes), MFs (molecular functions), CCs (cellular components) and KEGG analysis.



Survival Analysis

The correlation between OS (overall survival) and candidate genes or proteins was identified through Kaplan-Meier survival analysis using ‘survminer’ package of R language. A total of 101 breast cancer patients and clinical data from CPTAC, and 1904 breast cancer patients and clinical data from METABRIC, were selected for survival analysis.



Receiver Operating Characteristic Analysis

The ‘survivalROC’ package (version 1.0.3) of R language was used to calculate the ROC (receiver operating characteristic) curve of candidate proteins, the selecting criteria being AUC > 0.7. The candidate genes were predicted using the ROC curve of TNBC with the ‘pROC’ package (version 1.16.2) of R language.



Analysis of scRNA-Seq Data

To identify the cells that significantly express OBFC2A, scRNA-seq data of 1,534 cells in six fresh triple-negative breast cancer tumors from GSE118389 were analyzed using the Serat package and the SingleR package in the R language. The specific steps of the scRNA-seq data analysis were carried out as described earlier (11).



Correlation Analysis of Immune Cell Infiltration

The Pearson correlation coefficient was employed to evaluate the correlation between OBFC2A mRNA expression levels and the level of immune cell infiltration. TIMER gene modules were utilized to investigate OBFC2A expression in diverse tumors and the relationship between OBFC2A expression and the abundance of immune infiltrates. The infiltration data of B cells, CD4 + T cells, CD8 + T cells, dendritic cells, macrophages, and neutrophils can be downloaded from the TIMER database (https://cistrome.shinyapps.io/timer/).



Cell Culture

The breast cancer cell lines MCF10A, BT549, MDA-MB-231, MCF7, SK-BR-3, YCCB1, ZR75-1, and T47D were obtained from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). MCF10A culture was performed as described by Lomoriello et al. (12), and the rest of the cell lines were cultured in 90% RPMI-1640 (Gibco, USA) + 10% fetal bovine serum (Biological Industries, Israel) at 37°C in an atmosphere of 5% CO2.



Western Blot

All cells were lysed in RIPA buffer to isolate total proteins. After extracting proteins and measuring the concentration with the BCA protein kit (Beyotime, China), equal amounts of denatured proteins (40 µg) were used for western blotting as previously described (13). The same amount of denatured protein (40 μg) and 10% SDS-PAGE were used for electrophoresis and then transferred to the PVDF membrane. After blocking in 5% non-fat milk for 1h at RT (room temperature), the membrane was incubated with the primary antibody overnight at 4˚C, and then incubated with the second antibody (anti-rabbit IgG or anti-mouse IgG) at RT for 1 h. The Fusion FX7 Spectra multifunction imaging system was used to detect bands. The following primary antibodies were used: OBFC2A (16719-1-AP, Proteintech Group, USA) and GAPDH (GB11002, Servicebio, Hubei, China).



Lentiviral Transfection

The shRNA targeting OBFC2A (sh-OBFC2A) was constructed by TSINGKEBIO (Tsingkebio Co., Ltd, Beijing, China). The lentivirus shRNA sequence was as follows: 5-GATCGTGCAAAGTAGCAGATA-3′. The second generation lentivirus packaging system was used for generate lentivirus. According to the instructions, Lipofectamine 2000 was used to transfect the lentiviral vector (20 μg, PxpAx2: PMD2g: pLVX = 3: 1: 4) into HEK293T cells at 37°C for 48h, and the lentivirus was generated by transfecting the packaging plasmid with calcium phosphate. When MDA-MB-231 cell density reached 30-50%, the cells were infected with lentivirus at 37°C according to the protocol provided by the manufacturer. At 48 h after transfection, the stable cell lines were selected by using puromycin for 48-72 h. Stable cell lines were selected using 2 µg/ml puromycin. Stable cell lines were used in subsequent cell biology experiments.



Clone Formation Assay

The colony formation assay was performed as previously described (14). The cells of each group were inoculated into 12-well plates with 1000 cells in each well and three multiple holes in each group, which were cultured in an incubator for one week. Cells were then fixed with 4% paraformaldehyde for 15 min and stained with crystal violet (C0121, Beyotime) for 15 min.



Wound Healing Assay

Wound healing assays were performed as described previously (15). The cells were inoculated into 6-well plates to form a confluent monolayer at 37°C for 24 h. One wound per well was conducted with a 10-ul tip and washed twice with PBS. The cells were then replaced with serum-free medium, and live cell imaging was performed at 0 and 24 h.



Cell Cycle

Cells were washed twice with PBS and fixed in 70% cold ethanol at 4°C for 30 min. The cells were rewashed with PBS and incubated with 100 μl RNase A (0.1 mg/ml) and 2 μl PI (propidium iodide) for 30 min at 37°C in the dark. Cell cycle distribution was analyzed via flow cytometry (BD CellQuest Pro, version 5.1) using a FACSCalibur (BD Biosciences).



Apoptosis

Approximately 1 × 106 cells in each group were washed with PBS and suspended in 100 μL of binding buffer. After incubation with Annexin V-FITC (20 μg/ml) and PI (50 μg/ml) (both Sigma-Aldrich; Merck KGaA) at RT for 30 min, apoptosis was detected by FACSCalibur flow cytometry (BD Biosciences). Total cell apoptosis was calculated as the percentage of early + late apoptotic cells.



Statistical Analysis

The analysis was performed using R language and SPSS software (version 19.0). Student’s t-tests were used to conduct differential comparisons of two groups. Kruskal-Wallis’s test was used to compare multiple independent samples. P value <0.05 was considered to be statistically significant.




Results


OBFC2A Is Upregulated in High-Grade Breast Cancer: A Potential Marker for TNBC

A total of 1565 differentially expressed proteins were identified from CPTAC (Table S1). Figure S1 showed the PPI (protein-protein interaction network) of differentially expressed genes. Finally, six candidate proteins (DLAT, ELAVL2, KARS, OBFC2A, RAVER2, SSBP1) were selected by survival analysis filtering from CPTAC proteomics datasets (Figures S2, S3). Only OBFC2A was validated in METABRIC dataset. As shown in Figure 1B, OBFC2A mRNA expression was higher in grade III (p < 0.05). To explore the expression distribution of OBFC2A, the expression of OBFC2A in different subtypes was performed. The results showed that the expression levels of OBFC2A were higher in the TNBC group than in the other subtypes, in both CPTAC and METABRIC (Figures 1A, C). To further confirm this finding, the ROC was evaluated for OBFC2A expression and TNBC subtype of all breast cancers. The results showed that AUC (the areas under the curve) was 81.5% (TNBC) in the METABRIC (Figure 1J).




Figure 1 | OBFC2A is an independent prognostic factor for patients with breast cancer. (A–C) OBEC2A mRNA expression is higher in high-grade samples and TNBC subtype. (D) OBFC2A was negatively associated with OS of breast cancer (P < 0.05). (E, F) OBFC2A mRNA expression was negative associated with OS of all grade breast cancer(P < 0.05). (G, H) Univariate Cox and Multivariate Cox regression analyses were performed in CPTAC. (I, J) ROC curves of OBFC2A expression to predict OS of three year (0.790) and five year (0.959) in CPTAC and TNBC subtype (0.815) in METABRIC.





OBFC2A Is an Independent Prognostic Factor for Patients With Breast Cancer

To explore the relationship between OBFC2A expression and overall survival, the overall survival of each group was analyzed. The results showed that the OS of patients with higher OBFC2A expression was shorter than that of patients with lower OBFC2A expression in CPTAC and METABRIC (Figures 1D–F; p < 0.05). To further confirm this finding, the ROC was evaluated for OBFC2A expression and OS of all grade breast cancers. The results showed that the AUC were 79% (three years) and 95.9% (five years) in the CPTAC (Figure 1I). To explore OBFC2A was an independent prognostic factor, Univariate (Figure 1G) and Multivariate (Figure 1H) Cox regression analyses were performed in CPTAC and METABRIC. Multivariate Cox regression analysis showed that OBFC2A was independently associated with OS in CPTAC and METABRIC, respectively (HR = 5.309, 1.200-23.493, P=0.028; HR = 3.658, 1.881-7.114, p < 0.0001) (Figure 1H and Table 1). 


Table 1 | Univariate and multivariate Cox in METABRIC RNA-seq set.





OBFC2A May Be Associated With Immune Functions in Breast Cancer

To explore the biological function associated with OBFC2A expression in breast cancer, Pearson correlation analysis between OBFC2A expression and other genes in whole-genome profiling of 1904 patients in METABRIC was performed. The results showed that 236 genes were positively correlated with OBFC2A expression (R > 0.5) (Figure 2A). GO and KEGG pathway enrichment analyses of the above genes were performed. The results were listed in Figures 2B, C, wherein 3 MFs, 3 BPs, and 3 CCs for 236 genes were observed including immune receptor activity, MHC protein complex binding, MHC class II receptor; T cell activation, regulation of T cell activation, positive regulation of cell activation; external side of plasma membrane, MHC protein complex, MHC class II protein complex. As for KEGG analysis, natural killer cell mediated cytotoxicity, cell adhesion molecules (CAMs), and hematopoietic cell lineage were included. In the t-SNE analysis, 14 cell clusters were found, and the scatter plot showed that OBFC2A was not evenly expressed among the cell clusters (Figures 2D, E). Moreover, the scatter diagram and bubble diagram showed that OBFC2A and its related genes were specifically expressed in macrophages (Figure 2F). Since OBFC2A was possibly related to tumor immunity, TIMER database was used to analyze the correlation between OBFC2A and immune cell subtype infiltration. As shown in Figure 2G, the correlation coefficients between macrophages, B cells, CD8 + T cells, CD4 + T cells, DCs, and neutrophils, and OBFC2A were 0.329, 0.384, 0.431, 0.516, 0.592, and 0.614, respectively (P < 0.001).




Figure 2 | Correlation between OBFC2A and immune function. (A) 236 genes positively related with OBFC2A expression (R > 0.5). (B, C) The GO and KEGG analysis results show that OBFC2A expression is related to immune function of breast cancer. (D–F) Scatter plots and Bubble plots showing the distribution of OBFC2A expression in different cell clusters, annotated according to the analysis of the SingleR package; (G) The correlation coefficients between the mRNA expression of OBFC2A and macrophages, B cells, CD8 + T cells, CD4 + T cells, DC cells and neutrophils, and OBFC2A were 0.329, 0.384, 0.431, 0.516, 0.592, 0.614, respectively.





OBFC2A Regulates Breast Cancer Cell Proliferation and Metastasis

It was further confirmed that OBFC2A was highly expressed in TNBC cell lines (BT549, MDA-MB-231, and YCCB1) by verifying the protein expression in all breast cancer cell lines (Figures 3A, C, P<0.01). To determine the role of OBFC2A in the development of breast cancer, the function of OBFC2A in breast cancer cells was investigated. A lentiviral transfection system was used to knockdown the protein expression of OBFC2A in the MDA-MB-231 cell line (Figures 3B, D). Clone formation assays and wound healing assays showed that knockdown of OBFC2A inhibited the proliferation and migration of TNBC cells (Figures 3E–H). The results of flow cytometry showed that silencing OBFC2A promoted apoptosis and blocked cell cycle in G1 phase (Figures 3I–L).




Figure 3 | OBFC2A plays a role in promoting the development of breast cancer. (A, C) OBFC2A protein expression is also higher in TNBC subtype and cell lines of TNBC (MDA-MB-231, BT549, YCCB1). (B, D) Western blot analysis confirmed the silencing efficacy; (E, F) Colony formation assay with cells transfected with NC or OBFC2AshRNA (12-well plate); (G, H) OBFC2A-silenced MDA-MB-231 cell exhibited significantly decreased cell motility. Flow cytometry was used to analyze the effects of silencing OBFC2A on cell cycle (I, J) and apoptosis (K, L). Data are presented as mean ± SD, n=3, *p < 0.05, **P < 0.01, ***p < 0.001.






Discussion

In this study, bioinformatics methods were used to screen and identify OBFC2A from the database as a possible risk prognostic factor for TNBC. Biological function experiments indicated that OBFC2A might promote the occurrence and development of TNBC. TNBCs are complex and heterogeneous neoplasms that are often characterized by aggressive behavior and limited therapeutic possibilities (16). The complexity of breast cancer treatment is attributed to the heterogeneity of breast cancer (17). Treatment decisions depend on three markers: the expression of estrogen and progesterone receptors, and the expression status of HER2 (18). Compared with other subtypes of breast cancer, TNBC has strong heterogeneity, tends to have a higher tumor grade, is accompanied by lymph node metastasis, and lacks the expression of the above three markers; therefore, there are no specialized targeted drugs, and the prognosis of patients with TNBC is usually relatively poor (19, 20).

In recent years, bioinformatics has been widely used to identify various cancer prognosis-related genes (21). Zheng et al. identified potential prognostic biomarkers in cancer through joint RNA-seq analysis from TCGA and proteomic analysis from CPTAC (22, 23). Peng et al. integrated analysis of TCGA genomic data and CPTAC proteomic data to validate the important contribution of A-to-I RNA editing to protein diversity in cancer (24). When developing new clinical markers related to breast cancer, the common method is to compare the difference in gene expression between patients with TNBC and non-TNBC patients (25). Here, we found that the expression of OBFC2A in the TNBC group was higher than that in the non-TNBC group, and that OBFC2A was an independent risk predictive factor in breast cancer. Vernin et al. found that OBFC2A was inactivated by oncomiRNA, thereby promoting CD4+T cell proliferation and genetic instability (26). Our research also found that OBFC2A-related genes were enriched in immune-related pathways. OBFC2A was found to be expressed in macrophages clusters in single-cell sequencing analysis. TIMER immune cell infiltration analysis revealed that OBFC2A expression was significantly correlated with immune cell infiltration. These results suggested that the interaction between OBFC2A and tumor-associated macrophages may drive the development of breast cancer. Tumor-derived UBR5 was essential for cancer progression by promoting tumor-associated macrophage recruitment and activation via key chemokines and cytokines (27). It also showed that targeting tumor-associated macrophage-related gene (OBFC2A) may have broader implications for improving the effectiveness of cancer therapy.

Collectively, these results suggest a new role for OBFC2A in breast cancer. OBFC2A, a single-stranded DNA binding protein, may be involved in the regulation of cancer cell DNA damage and repair, thereby inhibiting cancer cell death. Kang et al. first reported that OBFC2A was a single-stranded nucleic acid-binding protein, which might be associated with DNA recombination or repair of thymocytes (28). Studies have also shown that OBFC2A was indispensable for embryogenesis and adult tissue homeostasis (including thymopoiesis, spleen development, male fertility, and DNA repair in mice) (29). Moreover, Won et al. showed for the first time that OBFC2A was involved in human diseases and variant acute promyelocytic leukemia (30). OBFC2A also triggered the repair mechanism to maintain genome stability and targeted Smad3 regulated cyclin D1 that influences cell cycle arrest (31, 32). Homologous recombination repair of DNA double strand breaks could induce breast cancer cells to develop chemoresistance (33). Our results also showed that downregulation of OBFC2A expression in TNBC cells inhibited breast cancer cell proliferation and migration, promoted cell apoptosis, blocked cell cycle in G1 phase, indicating its role in the occurrence and development of TNBC.

The innovative point of this study is to combine the proteome and transcriptome datasets for gene screening. Proteomics can better reflect the role of genes in cancer biology. The limitations of this study are as follows. Firstly, the correlation between OBFC2A expression and immune function has not been further verified by experiments. Furthermore, the role of OBFC2A in vivo has not been verified by our study. OBFC2A may be associated with DNA damage repair or immunity, so it is of great clinical significance to explore the involvement of OBFC2A in TNBC chemoresistance via immune evasion or homologous recombination repair in the future research.



Conclusion

In our study, OBFC2A was upregulated in TNBC, and OBFC2A was negatively correlated with OS. In addition, OBFC2A-related genes may be related to immune function. Finally, the inhibition of OBFC2A attenuated the proliferation and migration, promoted cell apoptosis, blocked cell cycle in G1 phase of TNBC cells. Viewed in total, OBFC2A may be regarded as a potential prognostic factor for TNBC.
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Purpose

To explore the value of machine learning model based on CE-MRI radiomic features in preoperative prediction of sentinel lymph node (SLN) metastasis of breast cancer.



Methods

The clinical, pathological and MRI data of 177 patients with pathologically confirmed breast cancer (81 with SLN positive and 96 with SLN negative) and underwent conventional DCE-MRI before surgery in the First Affiliated Hospital of Soochow University from January 2015 to May 2021 were analyzed retrospectively. The samples were randomly divided into the training set (n=123) and validation set (n= 54) according to the ratio of 7:3. The radiomic features were derived from DCE-MRI phase 2 images, and 1,316 original eigenvectors are normalized by maximum and minimum normalization. The optimal feature filter and selection operator (LASSO) algorithm were used to obtain the optimal features. Five machine learning models of Support Vector Machine, Random Forest, Logistic Regression, Gradient Boosting Decision Tree, and Decision Tree were constructed based on the selected features. Radiomics signature and independent risk factors were incorporated to build a combined model. The receiver operating characteristic curve and area under the curve were used to evaluate the performance of the above models, and the accuracy, sensitivity, and specificity were calculated.



Results

There is no significant difference between all clinical and histopathological variables in breast cancer patients with and without SLN metastasis (P >0.05), except tumor size and BI-RADS classification (P< 0.01). Thirteen features were obtained as optimal features for machine learning model construction. In the validation set, the AUC (0.86) of SVM was the highest among the five machine learning models. Meanwhile, the combined model showed better performance in sentinel lymph node metastasis (SLNM) prediction and achieved a higher AUC (0.88) in the validation set.



Conclusions

We revealed the clinical value of machine learning models established based on CE-MRI radiomic features, providing a highly accurate, non-invasive, and convenient method for preoperative prediction of SLNM in breast cancer patients.





Keywords: breast cancer, radiomics, sentinel lymph node metastasis, machine learning, CE-MRI



Introduction

Breast cancer, the second leading cause of cancer-related death, has become the most commonly diagnosed cancer among women worldwide (1). In recent years, the incidence rate of breast cancer has been increasing, which seriously threatens women’s physical health and quality of life. Identifying axillary lymph node (ALN) status is essential for breast cancer patients because it has great significance for the breast cancer clinical stage, treatment plan, and prognosis of patients (2). The ALN status is also one of the important reference indexes for postoperative radiotherapy and chemotherapy (3). ALN dissection (ALND) has long been used to determine the status of ALN in patients with breast cancer. However, ALND is an invasive operation with some significant limitations, including infection, nerve damage, shoulder dysfunction, arm numbness, and upper limb lymphedema (4, 5). As the first lymph drainage station, the sentinel lymph node (SLN) metastasis status and numbers can predict the axillary node metastasis status, and help to decide to further axillary management or not (6). SLN biopsy (SLNB) is the recommended procedure for clinical evaluation of lymph nodes in tumor-free areas of breast cancer patients. However, it is still an invasive procedure with complications such as arm numbness or lymphedema in 3.5–10.9% of patients (5, 7). Moreover, the long intraoperative pathology waiting time prolongs the anesthesia time, thus reducing the efficiency of the surgery. Therefore, a non-invasive and precise diagnostic approach with higher clinical applicability is urgently needed for preoperative evaluation of sentinel lymph node metastasis (SLNM).

Imaging examinations such as ultrasonography, mammography, CT, and MRI are commonly used to diagnose breast cancer. However, these methods are difficult to estimate SLNM accurately and have high false-negatives. In recent years, with the rapid development of artificial intelligence, radiomics has drawn increased interest. Radiomics can convert digital medical images into high-dimensional, exploitable, and quantitative imaging features. These features can expose intratumor heterogeneity and provide potential non-invasive biomarkers for clinical-decision support (8–10). Machine learning algorithms are crucial for identifying and recognizing useful radiomic features related to outcome variables. Using different machine learning algorithms to construct predictive models and compare their performance can mine the best predictive models better (11–13).

In this study, contrast-enhanced MRI (CE-MRI) images were used for radiomics analysis, and a variety of machine learning algorithms were used to build predictive models, aiming to explore the value of CE-MRI radiomics and machine learning in preoperative prediction of SLNM in breast cancer.



Materials and Methods


Study Population

This retrospective study was approved by the Institutional Review Board and conducted under Good Clinical Practice guidelines. Informed consent was waived. Consecutive patients with histologically confirmed breast cancer between January 2015 and May 2021 were retrospectively reviewed. Inclusion criteria were as follows: (1) patients with breast cancer confirmed by histopathological examination, and (2) received SLNB/ALND; (3) patients underwent dynamic contrast-enhanced MRI examination before surgery; (4) available clinical and pathological information {such as age, tumor size, BI-RADS classification, histological type and grade of invasive carcinoma, molecular subtype [according to the status of estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor type 2 (HER-2), and Ki-67]}. Exclusion criteria were as follows: (1) patients who underwent preoperative endocrine therapy, neoadjuvant chemotherapy, or radiotherapy; (2) ipsilateral breast surgery; (3) MRI examination data were incomplete, or image quality was poor. One hundred seventy-seven patients were enrolled in this study (177 lesions containing 81 SLN metastasis and 96 non-SLN metastasis).



Pathological Evaluation

SLNB was performed for all patients after the MRI examination. Methylene blue tracer was used to identify the SLN during operation, then HE staining was performed on the resected SLN. The SLN was defined as metastatic when there were macro-metastases (malignant cell clusters larger than 2 mm) or micro-metastases (approximately 200 cells, larger than 0.2 mm, but none larger than 2.0 mm). The results were confirmed by two pathologists with more than 10 years of experience.

According to the criteria of the 2013 St Gallen International Expert Consensus (14), breast cancer was divided into four different molecular subtypes, namely, Luminal A: ER(+) and/or PR(+), HER-2(−), Ki-67≤14%; Luminal B: HER-2(−), ER(+) and/or PR(+), Ki-67≥14%, HER-2(+), ER(+) and/or PR(+), any Ki-67; HER-2 overexpression: ER(−), PR(−), HER-2(+); triple-negative breast cancer: ER(−), PR(−), HER-2 (−). Tumors with 10% or more immunostaining cells were considered ER or PR positive. The HER2 status was determined to be positive when the IHC staining intensity score was ≥3. Identification of gene amplification by fluorescence in situ hybridization (FISH) was considered when the HER2 immunohistochemical score was 2+.



MR Image Acquisition

MRI scans were performed on a 3.0T MRI scanner (GE Discovery 750W) equipped with an eight-channel breast-dedicated coil. The patient was in the prone position with both breasts naturally dangling and suitably fixed in the coil. The MRI sequences included axial T1-weighted imaging, axial T2-weighted imaging, DWI, ADC, DCE-MRI, and sagittal contrast-enhanced imaging. Images from a T1-weighted fat-suppressed dynamic sequence using a 3D fast gradient echo sequence (VIBRANT 3D, TR = 4.32 ms, TE = 2.10 ms; flip angle=14°°, slice thickness=1.4 mm, slice gap= −0.7 mm, matrix size=512 ×512, FOV= 350 × 350 mm) were used in analysis. The contrast agent was injected intravenously (0.1 mmol/kg of Gd-DTPA-MBA), then followed by a 15 ml saline flush, both at a rate of 2.6 ml/s. After intravenous injection, continuous non-interval scans were performed in five phases, with a scan time for each phase of 61 s. In this study, the contrast between the tumor and the background was the largest in the second phase (61~122 s) images, so the second phase of dynamic contrast-enhanced (DCE) images were used as the experimental data.



Radiomics Workflow

As shown in Figure 1, the prediction workflow includes (1) ROI segmentation, (2) radiomic feature extraction and preprocessing, (3) radiomic feature selection, and (4) machine learning model construction (using a training set) and prediction performance evaluation (using an independent validation set).




Figure 1 | Radiomics workflow.





Image Segmentation

Manual segmentation was performed on the axial second phase of T1-weighted images of dynamic contrast-enhanced (T1-DCE) images. The regions of interest (ROIs) were delineated using Darwin Scientific Research Platform (Beijing Yizhun Intelligent Technology Co., Ltd, China). The 3D-ROI was manually segmented by a radiologist with 5 years of experience who was blinded to the tumor’s histological type and the patient’s LN status, and all contours were reviewed by another senior radiologist with more than 10 years of experience. Cohen’s kappa method was used to assess inter-reader agreement. If the discrepancy was ≥5%, the tumor boundaries were determined by the senior radiologist.



Radiomic Feature Extraction and Preprocessing

The platform mentioned above was used to extract radiomic features, a total of 1,316, including first-order statistics, shape-based 3D and texture features, etc. Texture features can describe the heterogeneity of the tumor, including Gray Level Dependence Matrix (GLDM), Gray Level Run Length Matrix (GLRLM), Gray Level Co-occurrence Matrix (GLCM), Gray Level Size Zone Matrix (GLSZM), and Neighboring Gray Tone Difference Matrix (NGTDM). For the classifier, data preprocessing can make the algorithm converge faster and obtain a more reasonable model. Therefore, the maximum and minimum values normalized are applied to linearly stretch the features of each dimension to the interval of [0,1].



Feature Selection

The computer-generated datasets were randomly assigned 70% of datasets to the training set (56 positive SLN, 67 negative SLN) and 30% of datasets to the validation set (25 positive SLN, 29 negative SLN). Feature selection plays an important role in training classifiers, reducing computational complexity, and improving classification accuracy. The optimal feature filter (i.e., sample variance F value) was used to evaluate the linear correlation between each feature and category label, and 132 most relevant features were screened out from 1,316 features. LASSO Logistic regression method was used to further select the optimal predictive features from the above features, and 13 features were obtained finally that were most relevant to the prediction of sentinel lymph node metastasis (Figure 2), including two first-order statistical features, two shape features, and nine texture features.




Figure 2 | The final selected feature.





Construction, Validation, and Performance of Machine Learning Model

Five machine learning models, including Support Vector Machine (SVM), Random Forest (RF), Logistic Regression (LR), Gradient Boosting Decision Tree (GBDT), and Decision Tree (DT), were constructed using the optimal feature subsets selected by dimensionality reduction. The predictive performance of five models was further tested in the independent validation set using the same thresholds determined in the training set. The 10-fold cross-validation method was used to verify the accuracy of the models. The receiver operating characteristic (ROC) curve and area under the curve (AUC) were used to evaluate the performance of the above models, and the accuracy, sensitivity, and specificity were calculated.



Statistical Analysis

The normally distributed variables were shown as mean ± SD, and the skewed variables were shown as median (interquartile range). The independent t-test was used to compare the age. Mann-Whitney U-test was used to compare the tumor size. Chi-square cross-tabulation or Fisher’s exact test was used to compare the differences in categorical variables (BI-RADS classification, histological type, histological grade, and molecular subtype). DeLong’s test was used to compare the differences of AUC between five machine learning models. P-values < 0.05 were considered statistically significant. DeLong’s test was carried out in R Studio software (version 1.3.1093); other statistical tests were conducted in Statistical Package for Social Sciences (SPSS) software version 22.0 (SPSS Inc., Chicago, IL, USA).




Results


Clinical and Histopathological Characteristics

The result of clinical and histopathological characteristics of patients in the training set, validation set, SLN-metastasis group, and non-SLN-metastasis group in the training set are shown in Table 1. The clinical and pathological variables between the SLN-metastasis group (n = 56 patients) and the non-SLN-metastasis group (n = 67patients) in the training set had no significant differences (P > 0.05), except tumor size (P<0.01) and BI-RADS classification (P=0.006). There were no significant differences in all clinical and histopathological characteristics between the training set and the validation set (P > 0.05).


Table 1 | Clinical and histopathological characteristics.





Prediction Performance of Machine Learning Models

As shown in Table 2, in the training set, the AUC of SVM, RF, LR, GBDT, and DT were 0.91, 1.00, 0.92, 1.00, and 1.00, respectively. In the validation set, the AUC of SVM, RF, LR, GBDT, and DT were 0.86, 0.85, 0.84, 0.82, and 0.74, respectively. Figure 3 shows the ROC curves of the five machine learning models. The results of the DeLong test showed that in the validation set, the difference between the AUC of DT and other machine learning models was statistically significant (P<0.05). There was no statistically significant difference in AUC among the four models of SVM, RF, LR, and GBDT (all P>0.05). It can be seen that the decision tree is less effective in predicting axillary lymph node metastasis of breast cancer, while other machine learning models have higher predictive effectiveness. The AUC of SVM was the highest in the validation set, which is 0.86.


Table 2 | Prediction performance in training and validation sets of five machine learning models.






Figure 3 | ROC curves of the SVM, RF, LR, GBDT, and DT classifiers in validation set.





Construction, Validation, and Performance of Combined Model

In the univariate analysis, presented in Table 1, tumor size and BI-RADS classification were found to be associated with SLN status. To develop a more precise and clinically applicable model to predict an individual’s SLN status, we used the SVM algorithm to construct a combined model incorporating CE-MRI radiomic features, tumor size, and BI-RADS classification. ROC and AUC were used to evaluate the performance of the above models.

As shown in Table 3, the combined model showed better performance in SLNM prediction and achieved a higher AUC in the training set (AUC, 0.92) (Figure 3) and the validation set (AUC, 0.88) (Figure 4). The combination of CE-MRI radiomic features, clinical characteristics, and BI-RADS classification could improve the predictive ability.


Table 3 | Prediction performance of training and validation sets of the combined model (SVM algorithm).






Figure 4 | ROC curves of the combined model incorporating CE-MRI radiomics features, tumor size, and BI-RADS classification.






Discussion

With the continuous improvement of comprehensive treatment and deepening of breast cancer research, the surgery of breast cancer is gradually developing towards minimally invasive operation. SLN status is an essential factor in the individualized treatment plan for patients with breast cancer. SLNB is currently the gold standard for determining SLN status in patients with clinically lymph node negative breast cancer. It can also provide details of metastases such as micro-metastasis or macro-metastasis, telling us if patients need further axillary dissection or radiotherapy. However, this approach is invasive and still has some significant limitations. Therefore, how to use the biological information of the primary tumor to predict SLNM highly accurately and non-invasive preoperatively needs to be solved urgently.

In this study, we preliminarily discussed the value of machine learning model based on the radiomic features of CE-MRI in the preoperative prediction of SLNM in breast cancer. This is a non-invasive, fast, and convenient method. The study results showed that SVM, RF, LR, and GBDT models had high AUC values in the validation set. DT is prone to overfitting; the AUC value of its validation set is lower than other machine learning models. Among the four machine learning models other than DT, the AUC (0.86) of SVM was the highest in the validation set. SVM can seek the best compromise between the complexity and learning ability of the model to obtain the best generalization capability based on the limited sample information. It shows many unique advantages in solving small samples, high dimensions, non-linearity, and so on (15, 16). Therefore, we used the SVM algorithm to construct a combined model incorporating CE-MRI radiomic features, tumor size, and BI-RADS classification, and the AUC of its validation set reached 0.88, which outperformed the prediction model using CE-MRI radiomics features alone (AUC=0.86). This suggests that it may provide a high-precision preoperative diagnostic method for automated evaluation of SLNM in clinical practice.

In recent years, the potential predictive efficacy of radiomics in tumor diagnosis, staging, molecular expression, lymph node metastasis, prognosis, and curative effect prediction has been demonstrated in many studies (17–20). Machine learning plays an important role in radiomic analysis, but the predictive performance of different machine learning algorithms is different. To obtain an optimal prediction model, some scholars (21, 22) have compared the prediction performance of different machine learning algorithms. Liu et al. (21) previously established three machine learning models (SVM, LR, and XGBoost) based on the radiomic features of DCE-MRI for the prediction of SLNM in breast cancer patients. SVM has the best predictive performance, with the validation set AUC as high as 0.83, which is slightly lower than the SVM, RF, and LR model in this study. The main reason may be that Liu et al.’s small number of patients leads to poor model training. In addition, Cui et al. (22) showed that the SVM classifier was significantly better than the KNN classifier and LDA classifier in predicting axillary lymph node metastasis of breast cancer, with an AUC of 0.8615, which was similar to the results of this study. All the above experiments used the radiomic features extracted by DCE-MRI to build different machine learning models, and achieved high predictive performance, which indicates that the radiomic features extracted from DCE-MRI of primary tumors may be related to SLNM and reflect the heterogeneity and aggressiveness of breast cancer.

Breast cancer is a kind of tumor with high temporal and spatial heterogeneity. It is often difficult to obtain comprehensive information about the tumor in a timely and effective manner. However, with the rise of radiomics, the radiomic features have gradually come into our field of vision. Many subtle changes in medical imaging are difficult to be observed by the naked eye, but they can be presented through the radiomic features, so as to characterize and explain the subtle changes in tumor biology and provide timely and effective tumor information for clinical practice. Therefore, the selection and extraction of radiomic features also play a significant role in radiomic analysis. At present, many scholars (17, 23–25) have applied ultrasonography, mammography, MRI, and PET-CT in radiomics studies of lymph node metastasis in breast cancer. Among them, MRI is the most commonly used because of its superior temporal and spatial resolution. For example, Liu et al. (26) used DCE-MRI intra- and peritumoral radiomic features to predict ALN metastasis, and the validation cohort AUC was 0.806. However, it is difficult to unify the peritumoral region of each tumor on images, so the extraction of peritumoral features needs further study and verification. Dong et al. (27) combined the radiomic features of FS-T2WI and DWI sequence to predict SLNM in breast cancer patients, and the validation cohort AUC was 0.805, which was lower than the results in this study. Reflected from the side, CE-MRI images may be better than DWI and FS-T2WI images to provide microscopic information of the tumor, indicating intratumor heterogeneity.

In this study, our predictive performance was superior to the previous models that predicted SLN metastasis in breast cancer based only on the clinicopathological features of the primary tumor. Previous studies (28–31) have shown that tumor size, multifocality, histologic tumor type, lymphovascular space invasion, ER status, PR status, and HER-2 status can be independent predictors of breast cancer with SLNM. However, the highest AUC of the prediction model established by these clinicopathological factors was only 0.81, lower than the prediction model based on radiomic features alone established in this study. Therefore, some scholars (17, 32, 33) combined radiomic features with clinicopathological features to study lymph node metastasis of breast cancer. Yu et al. established a clinical-radiomic nomogram model using contrast-enhanced T1-weighted imaging (T1+C), T2WI, and DWI-ADC radiomic features combined with clinicopathological features, and obtained an AUC of 0.90, which was higher than the predictive efficiency of the combined model in this study, while the prediction efficiency of other scholars’ models is lower than this study. The combined model established in this study is simpler than the model established by Yu et al. and has high predictive performance, providing a more convenient and feasible prediction model for clinical practice.

It is worth noting that radiomics, like other techniques, has some technical defects and limitations (34), such as susceptibility toward image acquisition settings, reconstruction algorithms, and image processing. In addition, differences in ROI segmentation, feature extraction, and feature selection will affect the final results of radiomics. The dataset for this study was acquired from a single MR scanner with a consistent scanning protocol, which may minimize confounding factors and potential bias in the extraction and analysis of radiomic features. This study used CE-MRI with high resolution and strictly adhered to a standardized radiomics research process, which will improve the reproducibility of the radiomic features and the stability of the findings in this study. Our study had several limitations. First, this is a preliminary exploratory study with relatively small samples, requiring a larger sample size for further study. Second, this is a retrospective study using a single institutional dataset, lacking generalization and robustness evaluation of our results. Larger studies with more different patient cohorts and imaging datasets merit further investigation. Third, the ROI segmentation of the tumor was not automatically performed, which is time-consuming, error-prone, and user variability. This might be overcome in the future by an automated segmentation artificially intelligent system.

In conclusion, in this study, five machine learning models were established based on CE-MRI radiomic features, revealing the clinical value of machine learning algorithms, and the optimal machine learning algorithm was used to establish a combined model incorporating CE-MRI radiomic features, tumor size, and BI-RADS classification, providing a highly accurate, non-invasive, and convenient method to the preoperative prediction of SLNM in breast cancer patients. Future studies will improve the prediction model further and conduct a multicenter validation study with larger samples.
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Triple negative tumors represent 15% of breast cancer and are characterized by the lack of estrogen receptors, progesterone receptor, and HER2 amplification or overexpression. Approximately 25% of patients diagnosed with triple negative breast cancer carry a germline BRCA1 or BRCA2 mutation. They have an aggressive biology, and chemotherapy has been the mainstay of treatment for a long time. Despite intensive therapies, prognosis is still poor, and many patients will eventually relapse or die due to cancer. Therefore, novel targeted agents that can increase the treatment options for this disease are urgently needed. Recently, a new class of molecules has emerged as a standard of care for patients with triple negative breast cancer and germline BRCA1 or BRCA2 mutation: poly (ADP-ribose) (PARP) inhibitors. In the first part of the review, we summarize and discuss evidence supporting the use of PARP inhibitors. Currently, two PARP inhibitors have been approved for triple negative metastatic breast cancer—olaparib and talazoparib—based on two phase III trials, which showed a progression-free survival benefit when compared to chemotherapy. Safety profile was manageable with supportive therapies and dose reductions/interruptions. In addition, other PARP inhibitors are currently under investigation, such as talazoparib, rucaparib, and veliparib. Subsequently, we will discuss the potential role of PARP inhibitors in the future. Clinical research areas are investigating PARP inhibitors in combination with other agents and are including patients without germline BRCA mutations: ongoing phase II/III studies are combining PARP inhibitors with immunotherapy, while phases I and II trials are combining PARP inhibitors with other targeted agents such as ATM and PIK3CA inhibitors. Moreover, several clinical trials are enrolling patients with somatic BRCA mutation or patients carrying mutations in genes, other than BRCA1/2, involved in the homologous recombination repair pathway (e.g., CHECK2, PALB2, RAD51, etc.).
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Introduction

Although survival rates are constantly improving because of the current strategies of primary/secondary prevention and the availability of innovative and personalized therapeutic challenges, breast cancer (BC) is still the most frequent malignant neoplasia and the leading cause of cancer-related lethality among women worldwide today. Moreover, it is also the second most common cancer in the world (1–3). According to these data, BC constitutes one of the greatest health emergencies in Western countries today, pushing the health authorities to commit enormous resources to fight against this cancer. In 2020, an estimated 276,480 new cases of female breast cancer will be diagnosed in the US, and 42,170 metastatic BC patients are expected to die due to this disease. Some biological, epidemiological, and clinical aspects of BC deserve to be better investigated in order to explain the many differences occurring in clinical practice: geographic distribution of BC, reasons for the increasing early onset in young women, unexpected severe poor outcome in some patients with favorable prognostic factors, different levels of availability of targeted agents, and frequent occurrence of orphan drug diseases. In this context, a better understanding of the molecular portraits of BC in the last years has played a prominent role in order to improve our knowledge about a tailored BC clinical approach. Moreover, this speculative and investigative strategy could identify other novel molecular targets (beyond estrogen receptors, HER-2, and PIK3CA) that could better inhibit BC growth and diffusion, mainly in association with currently used drugs. BC is a heterogeneous disease, with different profiles of gene expression and amplifications determining great differences in prognosis and therapeutic strategies (4–6). In 2000, Perou et al. showed, by analyzing 8,102 different genes, that the phenotypic diversity of BC corresponded to specific gene expression profiles (4). This study identified four different molecular portraits that might be related to the specific molecular features of mammary epithelial biology: ER+/luminal-like, basal-like, Erb-B2 enriched, and normal breast.

Triple negative breast cancer (TNBC) represents about 14–16% of all BC patients and is characterized by lack of estrogen receptor (ER), progesterone receptor (PR), and HER2 expression. Lehmann et al. analyzed the gene expression profiles of BC patients by analyzing 21 databases and suggesting that a high and unexpected heterogeneity distinguishes TNBC from other BC tumors (7, 8). The authors suggested six different TNBC subtypes: two basal-like types (BL 1–2), a mesenchymal type (MES), an immunomodulatory, a mesenchymal stem-like, and a luminal androgen receptor (LAR). According to these gene analyses, TNBC shows partial correlations with basal-like type BC (discordance of about 20–30%). In a different study, other authors proposed four distinguished TNBC subtypes: LAR, MES, basal-like immunosuppressed, and basal-like immune-activated (9). However, despite the increasing knowledge of TNBC biology, there are no evidence to support their use in clinical practice for treatment selection. TNBC is an aggressive disease and frequently associated with early and distant recurrence, occurrence of visceral metastases, and higher risk of death compared to other BC types. Moreover, metastatic recurrence is constantly related with a short progressive disease and premature occurrence of death (usually, the median survival of advanced TNBC is not longer than 12 months) (10–14). TNBCs are usually basal-like, and they express a claudin-low condition and present high levels of cancer stem cells (15–18), which could explain their aggressive clinical behavior.

A chemotherapeutic approach has been considered for a long time as the most active and efficient systemic treatment for metastatic TNBC (19–24). Because TNBC frequently demonstrates an important immunogenic profile, a high number of tumor-infiltrating lymphocytes, and a high level of PD-L1 expression (25, 26), it has been possibly considered the most suitable BC subtype for immunotherapy. In fact, the combination of chemotherapy and immune-checkpoint inhibitors (ICIs) has shown superior efficacy in terms of progression-free survival (PFS) and overall survival (OS) when compared to chemotherapy in monotherapy and currently represents the standard of care for patients with PD-L1 positive metastatic TNBC (17, 27). In addition, TNBC could benefit also from other chemotherapeutic drugs, such as capecitabine and eribulin, in different settings (28–31).

The possibility to treat TNBC with other novel targeted agents have recently emerged in order to evaluate the relationship between this BC subtype and the occurrence of deleterious BRCA1 and BRCA2 mutations. On one hand, approximately 70% of BRCA1-2-mutated BC patients express TNBC subtype, and on the other hand, 10–20% of all TNBC are BRCA1/2 mutation carriers (32–34), regardless of family history (35).

According to these data and considering that some PARP inhibitors (PARPib) are FDA-approved (olaparib and talazoparib) for the treatment of BRCA-associated BC (36–39), an increased interest has emerged to evaluate their activity and safety specifically in TNBC patients with BRCA1/2 mutations. Moreover, other PARPib (niraparib, rucaparib, and veliparib) are being investigated in large randomized clinical trials in order to assess their activity as single agents or in combination with other drugs (chemotherapy, ICIs, and targeted molecules).

This review summarizes the current evidence supporting the use of PARPib in BRCA-mutated TNBC patients and focuses on new potential strategies to improve their outcomes and therapeutic opportunities.



The Rational Behind PARP Inhibitors: The Synthetic Lethality

DNA damage represents one of the leading processes of carcinogenesis and can occur through different mechanisms: single-strand breaks (SSB), helix-distorting damage, replication errors, and double-strand breaks (DSB). Specifically, DSB are considered one of the most cytotoxic types of DNA damage, so it is not a surprise that normal cells have developed multiple pathways to repair it. Among the DSB repair pathways, a key role is played by homologous recombination (HR) and nonhomologous end-joining (NHEJ) (40, 41). On the other hand, SSB, helix distorting damage, and replication errors are corrected by base excision repair, nucleotide excision repair, and mismatch repair, respectively.

Poly(ADP-ribose) polymerases (PARP) are a large family of multifunctional enzymes with a key role in base excision repair mechanism (42). Eighteen members have been identified, among which PARP-1 is the most important, while PARP2 and PARP3 are less involved. PARP-1 is essential for SSB repair, and it plays a dominant role in genome integrity (43). In particular, PARP-1 detects the damage of DNA and catalyzes the so-called PARylation, which is the addition of a poly-ADP-ribose (PAR) chain to target proteins in order to recruit additional repair factors on the damaged DNA (Figure 1A) (44, 45).




Figure 1 | (A) PARP mechanism of action: PARP enzymes are key components in base excision repair, a DDR pathway which deals with SSB. In case of SSB DNA damage, PARP enzymes attach to the damaged DNA and allow NAD+ to bind to its active site. ADP-ribose moieties from NAD+ are transferred to target proteins (PARylation), which recruit single-strand DNA repair effectors. After the DNA damage has been repaired, PARP autoPARylates, returning to a catalytic state of inactivation. (B) PARP inhibitor mechanism of action: the synthetic lethality—PARPib are a class of molecules which prevent SSB repair. If SSB damage cannot be repaired, the immediate consequence is DSB formation. In cells with a proficient HRR pathway, HRR effectors (among which BRCA1 and BRCA2 play a crucial role) repair DSB, allowing cell survival. In tumor cells with HRR deficiency treated with PARPib, concomitant inhibition of base excision repair and HRR lack of function cause a progressive accumulation of DNA alterations which ultimately leads to cell apoptosis. DDR, damaged DNA repair; DSB, double-strand breaks; HRR, homologous recombination repair; PARPib, PARP inhibitors; SSB, single-strand breaks.



More recently, increasing evidences have shown that PARP can also be involved in DSB repair: PARP-1 recruits MRE11 and NS1 enzymes which are crucial in HR pathways (46) by opening the chromatin structure to give access to repair proteins.

Cancer cells affected by deleterious mutation in breast cancer susceptibility genes 1 or 2 (BRCA 1/2) are deficient in the DNA DSB repair. In fact, both BRCA1 and BRCA 2 are key components in the homologous recombination repair (HRR) pathway (47). BRCA 1 is a multifunctional enzyme with a direct involvement in HRR: with CHK2, it is initially responsible for signal transduction; after that, DNA double strand damage is recognized by ATM and ATR (47). Subsequently, it acts by forming a structure which organizes repair proteins at the DNA repair site (48, 49). BRCA 2, on the contrary, recruits RAD51 (a recombinase) at the DNA repair site (50). Therefore, tumors with BRCA 1 and BRCA2 inactivation are highly dependent on the repair pathway for SSB (51–53). Consequently, if other events occur that can impair DNA damage repair, the damage can lead to a progressive accumulation of DNA alterations which can ultimately lead to apoptosis (Figure 1B) (54, 55).

The aforementioned mechanism represents the core concept of synthetic lethality: an interaction between two genes in which the mutation of either gene alone is compatible with viability, while the simultaneous mutation of both genes causes death (56–58). PARPib are the first clinically approved drugs designed to exploit synthetic lethality, showing promising activity in patients with BRCA deficient tumors (53).

PARPib exert their functions through different systems: initially, it was believed that their principal mechanism of action consisted of “catalytic inhibition”: a competing bind to the PARP1 and PARP2 catalytic domains which displaces nicotinamide adenine ribonucleoside (NAD+) from its active site, thus preventing the recruitment of single-strand DNA repair effectors (59, 60). More recently, it has been demonstrated that PARPib act mostly by inhibiting the PARylation mechanism which induces the trapping at the site of DNA damage, the activation of effector genes, and consequently the interruption of the replication fork by leading to a DSB damage responsible for a cytotoxic effect (61). Accordingly, preclinical models showed that trapping DNA on PARP could be more effective in inducing cell death than catalytic enzyme alone (43, 60). Thus, in tumors harboring a defect in the HRR pathway, contemporary inhibition of PARP enzymes causes the accumulation of unpaired damages, leading to tumor cell death. On the contrary, healthy cells can be spared, thus providing a clinical benefit in patients with BRCA 1 or 2 mutation (62). The capacity of PARP trapping is different among PARPib and is independent from catalytic inhibition (43, 60, 63, 64). This difference can partially explain the different clinical activity and safety profile of PARPib.

At this time, two PARPib have been approved for the treatment of patients with TNBC in the metastatic setting: olaparib and talazoparib. Olaparib is a small molecule, which was initially described as a PARP-1 and PARP-2 inhibitor but for which recent data showed also a potent PARP-3 inhibition (65). Talazoparib, on the contrary, is a potent PARP inhibitor, with both strong catalytic inhibition and PARP trapping potential (preclinical models showed that the trapping potential of talazoparib is 100 times higher than the other PARPib) (63).



Clinical Evidence of PARP Inhibitors in Triple Negative Breast Cancer

Olaparib and talazoparib are currently approved as monotherapy for the treatment of metastatic TNBC harboring a germline BRCA (gBRCA) 1 or 2 mutation based on the results of two phase III trials: OlympiAD (37, 66) and EMBRACA (36).


OlympiAD Trial

The OlympiAD trial enrolled 302 metastatic breast cancer patients with both triple negative (TN) (49.8%) and hormone receptor positive (HR+) HER2 negative (50.2%) tumors. Not more than two lines of chemotherapy for metastatic disease were permitted. Pre-treatment with platinum was allowed, but the last dose should have been administered at least 12 months before randomization. The patients were randomized in a 2:1 ratio to receive olaparib, 300 mg bid, monotherapy or treatment physician’s choice (TPC) among capecitabine, eribulin, or vinorelbine. The primary endpoint was PFS. The secondary endpoint included OS, overall response rate (ORR), and health-related quality of life (HRQoL). The primary analysis showed that PFS was significantly longer in the olaparib arm than the standard chemotherapy (7.0 vs. 4.2 months; HR: 0.58; 95% CI: 0.43 to 0.80; p < 0.001). ORR was also higher in the olaparib group than in the standard chemotherapy group (59.8 vs. 29.8%). OS, on the contrary, did not differ from the two arms (HR for death, 0.90; 95% CI, 0.63 to 1.29; P = 0.57), but the trial was not powered to assess OS differences. In the forest plot, HR was lower in the TN subgroup than in the HR+ subgroup (0.43 vs. 0.82). Finally, olaparib had a good safety profile: there were fewer grade 3 events and fewer discontinuations related to an adverse event in the olaparib arm than in the chemotherapy arm. The side effects reported were comparable to previously published phase I and II trials with anemia, nausea, vomiting, fatigue, headache, and cough occurring more frequently in the olaparib group than in the standard therapy group (37).

The planned study final analysis with OS update has been recently published (66). Overall, OS was not improved by olaparib treatment compared to standard chemotherapy (19.3 months with olaparib versus 17.1 months with TPC HR: 0.90, 95% CI: 0.66–1.23; p = 0.513); however, when patients were stratified according to pre-defined subgroups, an OS benefit was observed in patients who had not received prior chemotherapy for metastatic disease (first-line treatment, 22.6 versus 14.7 months; HR: 0.51; 95% CI: 0.29–0.90). Safety data were also updated: no new findings were reported. Overall, the incidence of grade 3 adverse events was 38%, while 5% of patients discontinued olaparib because of toxicity.

Another important secondary endpoint of the OlympiAD trial was the quality of life (QoL) of the patients. Investigators employed the European Organisation for Research and Treatment of Cancer Quality-of-Life Questionnaire Core 30-item module (EORTC QLQ-C30) to assess patient global health status/QoL. The final results (67) showed a significant QoL improvement in the olaparib arm compared to the TPC arm with a mean change of 3.9 (standard deviation 1.2) versus -3.6 (2.2), a difference of 7.5 points (95% confidence interval, CI: 2.48, 12.44; p = 0.0035). In addition, for EORTC QLQ-C30 symptoms and functioning subscales, only the nausea/vomiting symptom score was worse in the olaparib arm than in the TPC arm (across all visits compared with baseline) (68).

An extended follow-up exploratory analysis of the OlympiAD trial was presented at the San Antonio Breast Cancer Symposium in December 2019 (69). The median follow-up was 18.9 vs. 15.5 months in the olaparib vs. the TPC arms, respectively. Median study treatment duration was 8.3 months in the olaparib arm vs. 3.5 months in the TPC arm, and in the olaparib arm, 8.8% of patients received the treatment for more than 3 years, while no one did in the TPC arm. The results of the extended follow-up confirmed previously published results: no OS differences were registered between the two arms in the overall population (19.3 months for olaparib vs. 17.1 months in the TPC arm, HR: 0.84, 95% CI: 0.63–1.12), but an OS benefit was detected in the subgroup of patients treated with olaparib who had not received chemotherapy for metastatic setting (first-line treatment: OS 22.6 month in the olaparib arm vs. 14.7 months in the TPC arm, HR: 0.54, 95% CI: 0.32–0.92). In first-line subgroup, 40.8% of patients in the olaparib arm were alive at 3 years compared with 12.8% of patients in the TPC arm. No new safety data and no cumulative toxicity occurred at the extended follow-up analysis, confirming good olaparib tolerability even in long-term exposure.



EMBRACA Trial

The phase III EMBRACA trial was an open-label, randomized trial, comparing talazoparib versus choice of standard chemotherapy of the physician (capecitabine, eribulin, gemcitabine, or vinorelbine) in pretreated locally advanced (not amenable to curative treatment) or metastatic BRCA1/2 mutated breast cancer (36). A total of 431 patients were randomized in a 2:1 ratio to receive talazoparib at a dose of 1.0 mg daily (n = 287) vs. standard chemotherapy (n = 144). Forty percent of the enrolled patients were TN. No more than three previous chemotherapy regimens were admitted. Patients must have had previously received anthracyclines and taxanes, unless clinically contraindicated. Previous platinum-based adjuvant or neoadjuvant chemotherapy was admitted only if the patients had a disease-free interval of at least 6 months from the last platinum dose. The primary endpoint was PFS by blinded independent central review. The secondary endpoints were OS and ORR. Safety and patient-reported outcomes were also assessed.

At a median follow-up of 11.2 months, the EMBRACA trial met its primary endpoint: the median PFS was significantly higher in the talazoparib arm (8.6 months; 95% CI, 7.2–9.3) than in the standard chemotherapy arm (5.6 months; CI, 4.2–6.7). The HR was 0.54 (95% CI, 0.41–0.71; p = 0.001), and it was confirmed by an independent radiologic review. The PFS HRs were consistent among subgroups, specifically, for HR+ and TN. The PFS HR was 0.47, 95% CI: = 0.32 to 0.71 for HR+/HER2− and 0.60, 95% CI: = 0.41 to 0.87 for TN (32, 33). The response rate by the investigators was 62.6% in the talazoparib arm compared with 27.2% in the chemotherapy arm.

At interim analysis, the median OS was longer in the talazoparib arm (22.3 months) than in the chemotherapy arm (19.5 months), but it did not reach statistical significance (HR: 0.76; 95% CI, 0.55–1.06, p = 0.11). Data about safety showed that the most common all-grade adverse events for talazoparib were anemia, fatigue, and nausea, while for chemotherapy nausea, fatigue, and neutropenia were more frequent. Grade 3 or 4 hematologic adverse events occurred in 55 vs. 36.1% of patients in the talazoparib and standard chemotherapy arms, respectively. Grade 3 non-hematologic adverse events occurred in 32 vs. 38% of patients in the talazoparib arm and in the standard chemotherapy arm, respectively. However, discontinuation rate due to an adverse event was low: 5.9% in the talazoparib group vs. 8.7% in the standard chemotherapy group. Moreover, talazoparib significantly delayed the onset of a clinically meaningful deterioration of global health status of QoL questionnaire, and it also significantly delayed deterioration according to breast symptom scale compared to chemotherapy (70).

In the final OS analysis, published after that 75% of the events occurred (324 patients), talazoparib showed no OS benefit compared to chemotherapy: median OS was 19.3 months (16.6–22.5 months) versus 19.5 months (17.4–22.4 months); HR: 0.848 (95% CI: 0.670–1.073; P = 0.17). A possible explanation for the lack of OS benefit relies on subsequent treatment that could have impaired the analysis: 32.6% of patients randomized to TPC received a PARP inhibitor in later lines of treatment (at the time of EMBRACA publication, olaparib had already been approved for metastatic breast cancer patients harboring gBRCA 1/2 mutation) (71).

More recently, a Cochrane metanalysis investigated the efficacy of PARPib in metastatic breast cancer patients with BRCA 1 or 2 mutations (72). The primary outcome was OS, while the secondary outcomes were PFS, tumor response rate, and safety. The authors included five trials involving 1,474 patients. PARPib showed a small OS benefit: HR: 0.87 (95% CI: 0.76 to 1.00; P = 0.05; high-certainty evidence), with no significant heterogeneity (I2 = 0%, P =0.81). Unfortunately, subgroup analysis could not be performed because data were not available for the included trials. On the contrary, PARPib significantly prolonged PFS with a HR of 0.63 (95% CI: 0.56 to 0.71; P < 0.00001; high-certainty evidence), with no significant heterogeneity (I2 = 2%, P = 0.39). For patients with TNBC (N = 664, four randomized controlled trials, RCTs), there was evidence of PFS benefit on pooling of studies (HR: 0.61, 95% CI: 0.47 to 0.80; P = 0.0003), with moderate heterogeneity (I2 = 44%, P = 0.15).

In addition to olaparib and talazoparib, other PARPib are currently under investigation in TNBC: rucaparib, niraparib, and veliparib. Of note is that the phase III Bravo trial, which investigated the role of niraparib versus TPC in BRCA mutated breast cancer, was prematurely closed because of high discontinuation rate in the control arm (the patients enrolled in the control arm did not continue the trial long enough to receive their first radiological scan, which is required to assess disease progression, resulting in an unusually high rate of censoring) (68). A complete list of other published trials (73) and monotherapy ongoing trials of PARPib in TNBC is summarized in Tables 1, 2 (74, 75, 80, 81).


Table 1 | Published trial with PARPib monotherapy.




Table 2 | Ongoing clinical trial with PARPib monotherapy.





Future Perspective and Ongoing Clinical Trials

Despite the fact that the role of PARPib as a therapeutic milestone is now confirmed in the management of BRCA-mutant TNBC, approximately 50% of patients progressed during treatment (76). From preclinical studies, four principal mechanisms of resistance have been identified (77): (i) the influence of cellular availability of the inhibitor, mainly by overexpression of drug-efflux transporter genes; (ii) direct impact on the activity and abundance of PAR chains due to PARP1 mutations that diminish trapping of the protein on DNA or the loss of PAR glycohydrolase, which is responsible for the degradation of PAR chains; (iii) the occurrence of “reversion mutations” that lead to the reactivation of both BRCA1/2 function and of HR by the activation of a specific protein complex (53BP1–RIF1–Shieldin axis); and (iv) influence of replication fork protection, mainly due to the attack by MRE11 and MUS81 nucleases.

Although the clinical relevance of this issue needs to be proven, some new drugs are engineered to target the acquired vulnerabilities of resistant tumors, thus restoring PARPib sensitivity.

Overall, PARPib showed improved PFS and response rate compared with standard chemotherapy, but no difference in OS was observed in those studies (72). Thus, the development of new agents and/or combination strategies are urgently needed to overcome PARPib resistance and to better understand TNBC molecular aspects. Several ongoing clinical trials aiming at evaluating the safety and efficacy of PARPib in combination with immune checkpoint inhibitors (78, 79, 82–90), chemotherapy (91–94), or target agents (95–100) for advanced BC (including TNBC) are summarized in Tables 3–5. Particularly promising are the data that emerged with combinations of PARPib and immunotherapy according to the durable response rates (101–103).


Table 3 | Clinical trial with PARPib plus immunotherapy.




Table 4 | Clinical trial with PARPib plus chemotherapy.




Table 5 | Clinical trial with PARPib plus targeted agents.





PARP Inhibitors in Combination With Immune Checkpoint Inhibitors

The combination between a PARPi and ICI is based on the evidence of the interaction between the abnormal presence of unrepaired DNA in the cytoplasm of TN tumor cells and the activation of the stimulator of interferon genes pathway which leads to the release of interferons and enhances T-cell infiltration inside the tumor (104). Thus, combining ICIs with a PARPib could be a great strategy to improve the antitumor immunity as well as response to treatment. Promising efficacy and safety findings have been reported in two single-armed phase 2 studies: TOPACIO and MEDIOLA for niraparib combined with pembrolizumab and for olaparib plus durvalumab, respectively (78, 79, 102, 103). The TOPACIO trial enrolled 55 patients of whom 15 were with BRCA mutations (103). Overall, an ORR of 21% (47% in patients with BRCA-mutated tumors) and a disease control rate (DCR) of 49% (80% in patients with BRCA mutated tumors) were reported. For the five patients harboring non-BRCA HRR pathway mutations, ORR was 20% (n = 1/5) and DCR was 80% (n = 4/5). In the overall population, ORR was higher in patients with PD-L1-positive TNBC (32%; n = 9/28) than in those with PD-L1-negative tumor (8%; n = 1/13). Despite the relatively small sample size (N = 47 for efficacy, N = 55 for safety), the combination of niraparib and pembrolizumab resulted to be active, regardless of BRCA mutation status, in patients with somatic or gBRCA-mutated and wild-type BRCA advanced/metastatic TNBC. Comparable results were obtained in the MEDIOLA trial where the combination of olaparib and durvalumab was associated with DCRs of 80 and 50% after 12 and 28 weeks, respectively, and a favorable tolerability in patients with gBRCA-mutated metastatic BC (101, 102).



PARP Inhibitors and Chemotherapy

PARPib are also being evaluated in combination with chemotherapeutic agents (91–94). In the phase 3 BROCADE3 trial (N = 509), addition of veliparib to carboplatin and paclitaxel resulted in a significant improvement in median PFS compared with placebo plus carboplatin and paclitaxel (14.5 vs. 12.6 months; HR: 0.71, 95% CI: 0.57–0.88; p = 0.002) in patients with gBRCA-mutated, HER2-negative, locally advanced or metastatic BC (105, 106). The PFS benefit was durable, and no additional toxicities were seen, although there was a high degree of toxicity in both treatment arms (105). However, veliparib appeared to be effective in terms of PFS benefit as monotherapy (HR: 0.49, 95% CI: 0.33–0.73) as well as in combination therapy (HR: 0.81, 95% CI: 0.62–1.06), regardless of the number of treatment cycles. Other ongoing phase II and phase III trials are reported in Table 4.



PARP Inhibitors and Targeted Therapy

Ongoing clinical trials are investigating PARPib in combination with new agents, including DDR molecules (ATR or Wee1 inhibitors). WEE1 is a kinase inhibitor which decreases kinases cyclin-dependent kinase1 (CDK1) expression, subsequently followed by activating replication firing and DSB repair (107). HR is scheduled but weakened by WEE1 inhibitor through phosphorylation of CDK1 in BRCA1/2-deficient tumor cells (108, 109). The combination of PARP and WEE1 inhibitors arrests G2 phase and results in chromosomal aberration and replication stress, which is proven to have an antitumor activity in numerous preclinical models (110). VIOLETTE is a global, multicenter, open-label, phase II study randomizing 1:1:1 450 patients with advanced TNBC to olaparib alone or in combination with AZD1775 (a WEE1 checkpoint inhibitor) or AZD6738 (an ataxia telangiectasia and Rad3-related protein inhibitor). Patients will be stratified in BRCA-mutated, non-BRCA HRR-mutated, and non-HRR mutated. The primary endpoint is PFS (95).

A two-part, open-label, non-randomized, phase 2, ongoing trial is testing the combination of ZEN003694 (a bromodomain inhibitor) with talazoparib in patients with TNBC without BRCA 1/2 germline mutations. The part 1 of this trial is a dose escalation study, with primary outcome incidence of treatment-related adverse events and treatment-related serious adverse events. The part 2 is a Simon 2-stage design, with primary outcome ORR (97).

The other group of agents that are interesting are the AKT inhibitors: previous research has shown that PI3K inhibitors (PI3Kib) lower nucleotide pools required for DNA synthesis and S-phase progression. Additionally, inhibition of PI3K/mTOR could inhibit PI3K interaction with the homologous recombination complex, increasing the dependency on PARP enzymes for DNA repair (111). Based on this data, the combination of PI3Kib and PARPib could potentially lead to a new, chemotherapy-free treatment option for BRCA wild-type TNBC as well as to improve the modest PFS/OS seen with the PARPib as single agents in BRCA1/2 mutant advanced setting. At the ASCO 2020, two randomized phase 2 studies, LOTUS and PAKT, reported the role of AKT inhibitors in combination with taxanes. Both trials demonstrated some improvement in PFS, with hints toward improvement in OS, in advanced TNBC. The results also showed some suggestions that PTEN loss or a PI3K-altered pathway could be a biomarker to predict who is going to benefit the most AKT inhibitors. Thus, a dual mTOR/PI3K inhibitor (gedatolisib) for metastatic or recurrent/unresectable TNBC could be a promising strategy in combination with talazoparib (98). Finally, the combination of olaparib plus trastuzumab for HER2-positive BC (OPHELIA trial) and a phase I trial with veliparib plus lapatinib are also under evaluation (99, 100). A complete list of clinical trials evaluating the combination of PARPib with other targeted therapies is summarized in Table 5.



PARP Inhibitors in Triple Negative Breast Cancer Beyond BRCA Mutations

Along with BRCA1 and BRCA2, multiple HRR genes, including ATM, BARD1, BRIP1, CHEK2 (encodes CHK2), MRE11A, PALB2, RAD50, RAD51C, and RAD51D, are also implicated in hereditary cancer risk and are recently considered new potential biomarkers in patients with non-gBRCA HRR gene mutations (112).

Clinical studies that showed positive findings for PARPib in settings other than gBRCA-mutated BC include single-arm phase 2 studies of olaparib (113), rucaparib (114), and talazoparib (75) monotherapy (Table 6).


Table 6 | Clinical trial with PARP inhibitors in HRD-defective triple negative breast cancer.



In the olaparib expanded study, in 54 patients with metastatic BC and germline mutations in various non-BRCA DDR genes (cohort 1) or somatic mutations in DDR genes including BRCA (cohort 2), ORR was 33 and 31%, respectively (115). Overall, antitumor activity was reported in patients with somatic BRCA or gPALB2 mutations, but not in those with ATM or CHEK2 mutations. At the ASCO 2020 symposium, a study investigating the role of olaparib in women with HER2-negative breast cancer and a germline alteration in DDR pathway, such as PALB2, CHEK2, and ATM, or a somatic tumor mutation without a germline BRCA1/2 mutation was presented (115). Of the two cohorts, the first included patients with germline mutations other than BRCA. Olaparib demonstrated a high response rate, and the trial met its primary endpoint. Specifically, patients with a germline PALB2 mutation had 80% ORR, whereas in the somatic mutation cohort, patients with a somatic BRCA1/2 mutation reported 50% ORR.

In the RUBY trial, rucaparib monotherapy was investigated in 41 patients with HRD, including four patients harboring somatic BRCA mutations. Five patients (13.5%) demonstrated clinical benefit, comprising three patients with high loss of heterozygosity, one with a somatic BRCA1 mutation, and another patient with a somatic BRCA2 mutation (116).

In the phase 2 study of single-agent talazoparib, patients with BRCA wild-type, HER2-negative, advanced BC and non-BRCA HRR pathway mutations were enrolled. Based on 12 evaluable patients, the ORR and the clinical benefit rate were 25 and 50% after 6 months of treatment, respectively (117). In detail, two-thirds of the responders had gPALB2 mutations; the others had gCHEK2, gFANCA, and somatic PTEN mutations.

According to the above-mentioned reported data, PARPib demonstrated to have a role beyond BRCA2 germline mutation carriers, although the responses seem to be gene specific: the ATM and CHEK2 cohorts seemed not to respond, but the sample size was small.




Discussion

Olaparib and talazoparib are now approved for triple negative metastatic breast cancer patients harboring gBRCA 1 or 2 mutations. Both registered trials (OlympiAD and EMBRACA) showed a consistent PFS benefit when compared to chemotherapy (7.0 versus 4.2 months for olaparib, HR: 0.58; 95% CI: 0.43 to 0.80; p < 0.001; 8.6 versus 5.6 months for talazoparib, HR: 0.54; 95% CI, 0.41–0.71; p = 0.001) (36, 37). However, the PFS benefit did not translate in a significant OS benefit for either of the two trials (66, 71). In fact, findings from a final prespecified analysis showed no OS difference in the general population (19.3 versus 17.1 months; HR: 0.90; 95% CI: 0.66–1.23; P = 0.513 for olaparib; 19.3 versus 19.5 months for talazoparib, HR: 0.848; 95% CI, 0.670–1.073; p = 0.17) and in the TNBC subgroup (18.8 versus 17.2 months; HR: 1.13; 95% CI: 0.79–1.64; P = NS for olaparib; data not available for talazoparib). A possible reason that could explain the OS lack of benefit is that the sample was not powered to detect OS differences between the two arms, as it was in the OlympiAD trial, or crossover design: in the EMBRACA trial, approximately 35% of patients treated in the control arm received a PARPib in subsequent lines of therapy versus 8% of patients enrolled in the OlympiAD trial. Interestingly, in the OlympiAD trial, a 7.9-month OS benefit was observed in patients who had not received prior chemotherapy for metastatic breast cancer, confirming previously published data where olaparib seemed to be more active in less pretreated patients (38). However, the sample size was small. Therefore, a confounding process cannot be excluded. Furthermore, perspective data are needed to confirm this finding. The safety profile for both talazoparib and olaparib was manageable: drug discontinuation was low (<5% for olaparib and 5.9% for talazoparib), showing that supportive therapies and dose interruptions/reductions were sufficiently effective to manage tolerability (66, 118). Most grade 3 and 4 adverse events were hematological: 40% of patients in the talazoparib arm and 16% of patients in the olaparib arm experienced grade 3 anemia. Fortunately, no new side effects were recorded with extended follow-up, and the safety profile was consistent with the primary analysis, indicating the absence of cumulative toxicity with prolonged exposition to the molecules.

Recent results have demonstrated that PARP inhibitors could play an emerging role in the maintenance treatment of advanced ovarian cancer with long-term efficacy and improved PFS in patients with newly diagnosed disease experimenting CR or PR to platinum-based chemotherapy (119–121). According to these results and in the light of the emerging role of PARP inhibitors in the treatment of triple negative breast cancer, there is a solid scientific rationale for the use of these molecules as maintenance therapy even in patients with TNBC.

One of the most consequential risks associated with PARPib is the development of therapy-related myeloid neoplasms (t-MNs). Most of the data available about t-MNs come from ovarian cancer where incidence is estimated in 1–3% of patients (122, 123). The spectrum of t-MNs comprehends myelodysplastic syndrome (MDS) and acute myeloid leukemia (AML). Both are characterized by a complex karyotype and poor prognosis (124), but the mechanisms responsible for t-MNs onset have not yet been clarified. In fact, a recent metanalysis did not confirm the association between t-MNs and previously identified clinical risk factors such as gBRCA variants, recurrent disease, and exposure to specific antineoplastic agents (125). According to a recently published systematic review, which evaluated the safety profile of 31 RCTs comparing PARPib therapy versus control treatments in different settings and tumor types, PARPib therapy was associated with an increased risk of t-MNs, but all the cases of MDS or AML were reported in RCTs in ovarian cancer (126). This exclusivity for ovarian cancer might be explained by the difference in median follow-up, with ovarian cancer RCTs having the longest duration when compared to the other trials included in the analysis. Therefore, at this point, patients with metastatic TNBC treated with PARPib do not seem to be at a higher risk for t-MN development, but a longer follow-up is needed to confirm those findings.

Despite the established role of PARPib in the therapeutical armamentarium of TNBC treatment, almost all the patients will become eventually resistant to the therapy, thus the need to improve therapeutical opportunities for this class of patients. In recent years, precision medicine is rapidly evolving thanks to next-generation sequencing (NGS) advances. Genomically driven molecular interrogation revealed that TNBC is a complex and heterogeneous disease. Unfortunately, there is still lack of clinical data supporting a major benefit of PARPib therapy in specific TN molecular subtypes (e.g., immunomodulatory, basal-like, etc.), but recent evidences showed that approximately 20% of patients with basal-like tumors harbored genetic or somatic BRCA1/2 mutations which may confer sensitivity to PARPib or platinum compounds (127, 128).

To overcame drug resistance and take advantage from our better understanding of TN tumors, an optimized and effective strategy probably requires a treatment combination rather than monotherapies. In that sense, several ongoing trials are combining PARPib with other agents (Tables 3–5). At this time, major clinical evidences derive from the combination of PARPib with ICIs: two phase 2, single-arm studies (TOPACIO and MEDIOLA) showed comparable promising results in terms of ORR, safety, and tolerability with the combination of niraparib plus pembrolizumab (101) and durvalumab plus olaparib (102), respectively. Alongside this, several phase I and II trials are evaluating PARPib with other targeted agents according to the growing stratification and knowledge of TNBC chromosomal aberrations. Hopefully, in the near future, the role of PARPib for the treatment of TNBC will gradually evolve towards a more personalized approach with promising expectations.



Conclusion

PARPib now represent a standard of care for the treatment of patients with triple negative breast cancer and gBRCA mutations. The oral formulation and the improvement in QoL are responsible for the increasing adherence and awareness of the patients. The safety profile is manageable, but patients must be checked routinely. Future directions comprehend the association of PARPib with other agents such as immunotherapy and other targeted therapies and the inclusion of patients with somatic BRCA mutations or patients carrying mutations beyond BRCA1 and BRCA2 but always involved in HRR pathway.
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Immune characteristics were reported correlated to benefit neoadjuvant chemotherapy (NAC) in breast cancer, yet integration of comprehensive genomic alterations and T-cell receptors (TCR) to predict efficacy of NAC needs further investigation. This study simultaneously analyzed TMB (Tumor Mutation Burden), TCRs, and TILs (tumor infiltrating lymphocyte) in breast cancers receiving NAC was conducted in a prospective cohort (n = 22). The next-generation sequencing technology-based analysis of genomic alterations and TCR repertoire in paired breast cancer samples before and after NAC was conducted in a prospective cohort (n = 22). Fluorescent multiplex immunohistochemistry was used to stain CD4, CD8, PD1, TIM3, and cytokeratins simultaneously in those paired samples. TMB in pretreatment tumor tissues and TCR diversity index are higher in non-pCR patients than in pCR patients (10.6 vs. 2.3; p = 0.043) (2.066 vs. 0.467; p = 0.010). TMB and TCR diversity index had linear correlation (y = 5.587x − 0.881; r = 0.522, p = 0.012). Moreover, infiltrating T cells are significantly at higher presence in pCR versus non-pCR patients. Dynamically, the TMB reduced significantly after therapy in non-pCR patients (p = 0.010) but without TCR index change. The CDR3 peptide AWRSAGNYNEQF is the most highly expressed in pre-NAC samples of pCR patients and in post-NAC samples of non-pCR patients. In addition to pCR, high clonality of TCR and high level of CD8+ expression are associated with disease-free survival (DFS). TCR index and TMB have significant interaction and may guide neo-adjuvant treatment in operable breast cancers. Response to NAC in tumors with high TCR clonality may be attributable to high infiltration and expansion of tumor-specific CD8 positive effector cells.




Keywords: breast cancer, tumor mutational burden, tumor-infiltrating lymphocytes (TILs), neoadjuvant chemotherapies (NACs), T-cell receptors (TCRs)



Introduction

The incidence and mortality of breast cancer (BC) remain high (1–3). Neoadjuvant therapies are standard of care for early operable diseases. Complete tumor regression and pathological complete response (pCR) have been associated with improved survival (4–6). However, improving the molecular prediction of pCR by integration of different biomarkers in a clinical neoadjuvant setting remains challenging.

In addition to the clinical genotyping of hormone receptors (ER, PR) or HER2 (7), other biomarkers of genomic alterations (8, 9) and tumor-infiltrating lymphocytes (TILs) (10–12) were reported in association with pCR of neoadjuvant therapies. Over the past years, TIL levels had also been identified as an independent predictor of pCR in genotypes of BC (13, 14). These data need further validation to be translated into clinical use.

During cancer development and evolution, the tumor microenvironment (TME) is extremely complex and dynamic, reshaped by different types of immune cells, stromal cells, and tumor cells and the interplay among them. Molecular characteristics of cancer immune suppressive microenvironment are being extensively investigated for prediction or prognosis. Three phenotypes of immune microenvironment have been proposed as inflamed, immune excluded, and immune desert. Studies on the molecular mechanisms underlying the phenotypes may provide critical biomarkers or targets for immune treatments. Presently, major immune biomarkers include tumor mutational burden (TMB), TCR diversity, HLA expression, and IFNγ signatures. Simultaneous detection of TMB, TCR, and immune cells may generate good evidence for explanation of TME. These biomarkers were shown useful and predictive to immune therapies in advanced cancer diseases, yet need further simultaneous and integrative investigation in early-stage disease. Interaction of different markers like TCR and mutation burden remains to be understood.

In this study, we studied the TMB, TCR, and counting of immune cells in the TME and correlated with clinical outcome of breast cancer patients treated with neoadjuvant therapies.



Patients and Methods


Patient Selection and Tumor Specimens

A prospective cohort of 22 cases were included from June 2017 to December 2018. Inclusion criteria were stage IIB to IIIC BC patients, receiving neoadjuvant chemotherapy (NAC) with informed consent of biomarker testing (Table 1). All those BC patients preoperatively treated with the TEC or EC followed by T regimen (T: docetaxel/liposome paclitaxel, E: pirarubicin/epirubicin, C: cyclophosphamide) for 2–8 cycles. Only two HER2-positive patients received additional treatment with trastuzumab or pertuzumab.


Table 1 | Clinical characteristics of 22 breast cancer patients with paired samples.



Formalin-fixed and paraffin-embedded (FFPE) tissue samples were collected at the time points of diagnosis and surgery. Pre-neoadjuvant chemotherapy (pre-NAC) samples were obtained by core needle biopsy of the breast cancer tissue. Surgically resected specimens were used as paired post-NAC samples.

The study was approved by the ethics review committee of our institution. Written informed consent was obtained from all patients that underwent clinical treatment and biomarker testing. The median follow-up time for clinical outcome was 2.9 years. Clinicopathologic parameters including age, menopausal status, histologic grade, recurrence, follow-up status, and follow-up period were obtained by a thorough review of clinical records.



Clinical Molecular Typing and Pathological Response Evaluation

To evaluate the molecular subtype classification, the clinical results of immunohistochemistry (IHC) for estrogen receptor (ER), progesterone receptor (PR), and Ki-67 were reviewed. HER2 expression was assessed by IHC and scoring was determined according to the criteria of American Society of Clinical Oncology (ASCO)/College of American Pathologist (CAP) guidelines. Tumors with scores 2+ were further tested by fluorescence in situ hybridization (FISH). The level of Ki-67 expression was classified as high versus low with a cutoff point of 20%. ypTN stage was defined according to the guideline by American Joint Committee on Cancer. For this study, pCR was defined as the absence of residual invasive cancer in the breast and axillary nodes with the presence or absence of in situ cancer (ypT0/isypN0 or ypT0ypN0), as previously described. Major pathological response (MPR) was defined as ≤10% residual tumor tissue in resected breast and lymph node tissue (15). Objective response rate (ORR) includes Complete Response (CR) and Partial Response (PR) cases, which refers to the proportion of patients whose tumor shrinks to a certain amount and remains for a certain period of time. The effect of NAC was evaluated according to RECIST 1.1.



Histopathologic Evaluation of Tumor Sections by Light Microscopy

Post-NAC surgical specimens, as well as pre-NAC biopsy samples, were used for FFPE block preparation. Tumor sections sliced from FFPE blocks were subjected to hematoxylin and eosin (H&E) staining. Tumor cells and infiltrating lymphocytes were routinely reviewed by two pathologists. Two to three sections of each tumor specimen were assessed, and the section with highest cancer cell content were subjected to CD3 staining and multiplex IHC.

The percentage of viable tumor cells (averaged across all sections) was reported for each patient, as reported previously (15, 16). Herein, intratumoral TILs or T cells are defined as lymphocytes or T cells in tumor cell aggregates (tumor core) having cell-to-cell contact with no intervening stroma and directly interacting with carcinoma cells, while stromal TILs are located dispersed in the stroma between the carcinoma cells and do not directly contact carcinoma cells (12).



Multiplex Immunofluorescence Staining for CD4, CD8, PD1, TIM3, and Cytokeratins and Immune Cell Infiltration Analysis

Matched pre-NAC and post-NAC tumor samples were subjected to fluorescent multiplex IHC. Tissue sections 4 μm thick were stained using the PANO 7-plex IHC kit (Cat. #0004100100, Panovue, Beijing, China), which enables the simultaneous visualization of six markers in the same section. Briefly, antigen retrieval was performed with boiling in antigen retrieval solution AR9 (pH 9). Blocking was performed using the Antibody Blocking Solution (Panovue, Cat. #0018001120) for 15 min, followed by incubation with the primary antibodies: TIM3 (CST45208, Cell Signaling Technology, Inc., MA, USA; diluted at 200×), CD8A (CST70306, CST; diluted at 200×), PD1 (CST43248, CST; diluted at 100×), PanCK (CST4545, CST; diluted at 400×), and CD4 (BX22300130; diluted at 2000×). The sections were incubated with the primary antibodies for 30 min at room temperature. Subsequently, the sections were incubated with anti-mouse or anti-rabbit HRP-conjugated Polymer (Panovue, Cat. #0013001010) at room temperature for 15 min, followed by incubation with TSA Opal fluorophores (PPD 520, PPD 540, PPD 570, PPD 620, PPD 650, and PPD 690) for 10 min. After each cycle of staining, the antibody–TSA complex was removed using AR solution (pH 9) and boiling. After staining, all slides were counterstained with DAPI for 5 min and mounted in ProLong Diamond Antifade Mountant (Thermo Fisher).

To obtain multispectral images, the stained slides were scanned using the PerkinElmer Mantra System (or Polaris System, Waltham, Massachusetts, USA). A spectral library required for multispectral unmixing was established using the inForm image software (inForm 2.4.0 PerkinElmer, Waltham, Massachusetts, USA); reconstructed images of each section were obtained using the spectral library. Image analyses using inForm software were performed to determine the recognition and levels of CD4+, CD8+, PD1+, TIM3+, PD1+CD8+, TIM3+CD8+, PD1+CD4+, and TIM3+CD4+ T cells. The percentages of CD4+, CD8+, and PD1+CD8+ cells were calculated as the ratio of the number of CD4+ or CD8+ or PD1+CD8+ cells over all nucleated cells summed from at least eight selected view fields on each tumor section slide. The denominator is the number of all nucleated cells in all view fields. Clinical endpoints were blind to data collector and statistician before statistical analysis.



Assessment of CD3+ T-Cell Infiltration by IHC and Automatic Scoring

IHC staining for CD3 was conducted using the Dako Omnis autostainer. Briefly, tissue sections 4 µm thick were boiled and then subjected to dewaxing, rehydrating, and antigen retrieval, followed by incubation with an anti-CD3 primary antibody (Dako Omnis, polyclonal rabbit anti-human, Santa Clara, CA, USA). For signal visualization, the EnVision FLEX+ High pH (Link) system was used, following the manufacturer’s instructions. The sections were manually mounted in neutral resin for observation under a light microscope. Whole-slide images were acquired using the light microscope on the Mantra System (PerkinElmer, Waltham, Massachusetts, USA). Images were used to quantify the CD3 signal, and the T-cell levels were calculated using the inForm automated image analyses software (PerkinElmer, Waltham, Massachusetts, USA). Briefly, CD3+ cells were recognized by machine-learning-based classification according to CD3 staining signal and the percentage was calculated as the number of CD3+ cells divided by the total number of nucleated cells in all view fields.



Testing of Tumor Mutational Burden

Fresh frozen cancer tissues were sliced for pathological assessment. Samples with tumor content more than 60% were subject to further DNA extraction using AllPrep DNA/RNA Mini Kit (Qiagen). Four hundred nanograms of genomic DNA was broken down into 100- to 500-bp fragments measured by Agilent 2100 Bioanalyzer and used for sequencing library construction. Target sequences of 1021 genes at length of 1.07 Mb were then captured using customized reagents and amplified by PCR. After purification and quantification, Target DNA library was sequenced on Gene+Seq 2000 platform (Illumina, Inc., USA). Double end sequencing was conducted. Read length was set at 150 bp and depth was 150X. Sequenced results were aligned and mapped to reference genome sequence of GRCh38. TMB calculation is consistent with the traditional method. During the technical validation process, this panel based TMB estimates had good correlation with whole exome sequencing (WES) method. TMB (tumor mutation burden) was defined as the number of non-synonymous mutations (VAF ≥ 0.05) plus common driver gene mutations per megabase of DNA.



TCR Library Construction and Sequencing

Samples with tumor content of more than 60% were subject to further RNA extraction using AllPrep DNA/RNA Mini Kit (Qiagen). TCR sequence library was constructed using iRepertoire on Cassette Kit iR-TCR Reagent Systems 2.0 (iRepertoire, Inc. 601 Genome Way, Suite 3005, Huntsville, AL 35806). Two steps of PCR procedures were performed. Amplification primers for first run PCR were targeting specific regions of TCR-V and TCR-C. Primers for 2nd PCR were universal containing sequencing primers as follows:

Universal primer A: 5’AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATCT-3’;

Universal primer B: 5’CAAGCAGAAGACGGCATACGAGATCGGTCTCGGCATTCCTGCTGAACCGCTCTTCCGATCT-3’.

RNA library was sequenced on Illumina MiSeq platform using Illumina MiSeq Reagent v2500 (MS-102-2003). Results of sequences of regions of V, D, J, and C of TCR were aligned and mapped. CDR3 sequence was generated and metrics of TCR D50, TCR diversity index, and TCR entropy were calculated. D50 is a quantitative measure of the degree of diversity of T cells within a sample. Calculation of D50 is described as in the kit instruction. The D50 is the percent of dominant and unique T-cell clones that account for the cumulative 50% of the total CDR3s counted in the sample. The more diverse a library, the closer the value will be to 50. The equation of D50 is as follows:

D50 = (No. of uCDR3s that make up 50% of the total reads * 100)/No. of uCDR3s (or 10,000 if unique CDR3s are above 10,000).



Statistical Analyses

All statistical analyses were performed using the SPSS 22.0 software. Continuous variables were described as the mean value ± standard error. TMB values, TCR metrics, and T-cell percentages in pre-NAC and post-NAC samples were compared using the Wilcoxon rank test, while the Mann–Whitney test and Kruskal–Wallis test was used for independent samples. Kaplan–Meier survival curve was plotted for disease-free survival (DFS) and comparison between groups was by log rank test. p < 0.05 was considered statistically significant.




Results


TMB Is Higher in Non-pCR Versus pCR, Non-MPR Versus MPR, and Non-ORR Versus ORR Patients

In our study, TMB was defined as the number of non-synonymous mutations plus common driver gene mutations per megabase length of DNA. Tumor mutation burden (TMB) can be detected by next-generation sequencing of a panel of genes with targeted DNA sequence length of more than one megabase. Here we used the panel-based NGS of 1,021 genes with a target length of ~2.1 megabase. We compare TMB values of tumors in patients of pCR versus non-pCR, MPR versus non-MPR, and ORR versus non-ORR in neoadjuvant setting. Average TMB is higher in tumors of non-pCR patients than in pCR patients (10.6 vs. 2.3; p = 0.043), higher in tumors of non-MPR than MPR patients (12.3 vs. 3.4, p = 0.007), and higher in tumors of non-ORR than ORR patients (21.5 vs. 6.0, p = 0.001) (Figure 1A).




Figure 1 | Comparison of TMB, TCR D50, and percentages of CD3+, CD8+, and PD1+CD8+ T cells in pre-NAC tumors between groups of pCR versus non-pCR. (A) Average TMB is higher in tumors of non-pCR patients than in pCR patients (10.6 vs. 2.3; p = 0.043), higher in tumors of non-MPR than MPR patients (12.3 vs. 3.4, p = 0.007), and higher in tumors of non-ORR than ORR patients (21.5 vs. 5.7, p = 0.001). (B) Average TCR D50 is higher in tumors of non-pCR patients than in pCR patients (2.07 vs. 0.47; p = 0.010), higher in tumors of non-MPR than MPR patients (2.20 vs. 1.08, p = 0.018), and higher in tumors of non-ORR than ORR patients (2.56 vs. 1.64, p = 0.034). (C–E) Linear correlation was observed between TMB and metrics of TCR like D50 (y = 5.587x − 0.881; r = 0.522, p = 0.013), diversity index (y = 2.098x − 3.272; r = 0.525, p = 0.012), and entropy (y = 2.195x − 6.950; r = 0.525, p = 0.014). (F) The percentages of CD3+ cells were all higher in pCR versus non-pCR patients (14.35% vs. 5.87%, p = 0.050), in MPR vs. non-MPR patients (9.27% vs. 5.98%, p = 0.041), but not significantly different between ORR versus non-ORR patients (7.94% vs. 3.94%, 0.347). (G) The percentages of CD8+ cells were higher in pCR versus non-pCR patients (2.53% vs. 0.75%, p = 0.025), numerically but not statistically higher in MPR versus non-MPR patients (1.21% vs. 0.14%, p = 0.573), and in ORR versus non-ORR patients (1.16% vs. 0.41%, p = 0.034). (H) The percentages of CD8+PD1+ cells were numerically but not statistically lower in pCR versus non-pCR patients (0.07% vs. 0.11%, p = 0.072), MPR versus non-MPR patients (0.03% vs. 0.21%, p = 0.858), and ORR versus non-ORR patients (0.13% vs. 0.007%, p = 0.229). ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001.





TCR Clonality Is Higher in pCR Patients Than in Non-pCR Patients, Correlating With TMB

D50 is a quantitative measure of the degree of diversity of T cells within a sample. The D50 is the percent of dominant and unique T-cell clones that account for the cumulative 50% of the total CDR3s count in the sample. The more diverse a library, the closer the value will be to 50. In our study, the average D50 is higher in tumors of non-pCR patients than in pCR patients (2.07 vs. 0.47; p = 0.010), higher in tumors of non-MPR than MPR patients (2.20 vs. 1.08, p = 0.018), and higher in tumors of non-ORR than ORR patients (2.56 vs. 1.64, p = 0.034) (Figure 1B).

Linear correlation was observed between TMB and metrics of TCR like D50 (y = 5.587x − 0.881; r = 0.522, p = 0.013), diversity index (y = 2.098x − 3.272; r = 0.525, p = 0.012), and entropy (y = 2.195x − 6.950; r = 0.525, p = 0.014) (Figures 1C–E).



CD3+ and CD8+ T Cells Are More Present in pCR Patients Than in Non-pCR Patients

Effector immune cells, especially CD3+ or CD8+ T cells, have been reported as predictive or prognostic biomarkers in cancers. In our study, we reviewed HE slides for single-plex CD3+ cells, and multi-plex testing of markers CD4, CD8, PD1, and TIM3. Here, we showed the percentages of CD3+ cells and CD8+ cells were all higher in pCR versus non-pCR patients (14.35% vs. 5.87%, p = 0.050; 2.53% vs. 0.75%, p = 0.025) and in MPR vs. non-MPR patients (9.40% vs. 5.98%, p = 0.041; 1.21% vs. 0.14%, p = 0.573) (Figures 1F, G).

CD8+ T-cell percentages were higher in ORR versus non-ORR patients (1.16% vs. 0.42%, p = 0.034). PD1+CD8+ cells were numerically lower in pCR versus non-pCR patients (0.07% vs. 0.11%, p = 0.072) and MPR versus non-MPR patients (0.03% vs. 0.21%, p = 0.858) (Figure 1H).

Correlation coefficients of all factors were calculated. We found that TCR metrics and TMB and clinical efficacy factors had significant correlation (Figure 2A), and percentages of CD3+ T cells had significant association with TCR D50 and pCR (Figure 2B).




Figure 2 | Correlation of molecular and clinical response variables. Correlation coefficients between two variables among TCR D50, Diversity index, Entropy, pCR, MPR, ORR, TMB, CNV, and T cell percentages in tissues of pre-NAC samples (A) and among D50, pCR, TMB, TILs, CD8, CD8PD1, CD3 and molecular types (B) were listed. The number in the color chart is the correlation coefficient. pCR, pathologic complete response; MPR, major pathological response; ORR, Objective Response Rate; TMB, tumor mutational burden; CNV, Copy number variations; TC, TMB and CNV; Mole_Type, Molecular typing.





Dynamic Changes of TMB and TCR Index Before and After Neo-Adjuvant Therapies

Dynamically, the TMB reduced significantly after neoadjuvant therapy in non-pCR patients (10.6 vs. 6.9 p = 0.010) but not in pCR patients (Figure 3A). TCR diversity index increased in pCR patients (D50 0.467 vs. 2.883, p = 0.028) (Figure 3B and Supplementary Figures 1A, 2B). TCR diversity index did not change significantly in pre-NAC versus post-NAC tissues of non-pCR patients (D50 2.066 vs. 2.037, p = 0.658) (Figure 3B), but in some particular cases, TCR clonality transformed to a high level (Supplementary Figures 1A, 2B). CDR3 motif is the major element recognizing the tumor-specific mutated antigens. The CDR3 peptide AWRSAGNYNEQF is the highly expressed TCR in pre-NAC samples of pCR patients and in post-NAC samples of non-pCR patients, suggesting that there is a special CDR3 responsive to neoadjuvant therapies (Figure 3C).




Figure 3 | Comparison of TMB, TCR D50, CD3+, CD8+, and PD1+CD8+ cells between pre-NAC and post-NAC tumor tissues. (A) TMB reduced significantly after neoadjuvant therapy in non-pCR patients (10.6 vs. 6.8, p = 0.010), in non-MPR patients (12.3 vs. 8.5, p = 0.041), and in ORR patients (6.0 vs. 2.6, p = 0.017). TMB was not significantly different between pre-NAC and post-NAC tumors or non-cancerous residual tissues in pCR patients (2.3 vs. 2.8, p = 0.879), in MPR patients (3.4 vs. 1.6, p = 0.176), and in non-ORR patients (21.5 vs. 18.9, p = 0.500). (B) TCR D50 index significantly increased post-NAC versus pre-NAC in pCR patients (0.467 vs. 2.883, p = 0.028) and in MPR patients (1.086 vs. 3.171, p = 0.028), but not significantly change after NAC in non-pCR patients (D50 2.066 vs. 2.037, p = 0.658), and in non-MPR patients (2.203 vs. 1.667, p = 0.125), and in both ORR (1.638 vs. 2.206, p = 0.332) and non-ORR patients (2.560 vs. 1.940, p = 0.343). (C) Top 15 CDR3 motifs in pre-NAC tumors (i, iii) and post-NAC residual non-cancerous or cancerous tissues (ii, iv) of pCR and non-pCR patients. CDR3 motif is the major element recognizing the tumor specific mutated antigens. The CDR3 peptide AWRSAGNYNEQF is the highly expressed TCR in pre-NAC samples of pCR patients (Red arrow) and in post-NAC samples of non-pCR patients. (D) In non-pCR patients and non-MPR patients, the percentages of CD3+ T cells significantly increased after NAC (5.9% vs. 15.3%, p = 0.003; 5.9% vs. 13.2%, p = 0.019). (E) In non-pCR patients and non-MPR patients, the percentages of CD8+ T cells significantly increased after NAC (0.8% vs. 1.9%, p = 0.001; 0.1% vs. 1.5%, p = 0.001). (F) In non-pCR patients, the percentages of PD1+CD8+ T cells significantly increased after NAC (0.11% vs. 0.13%, p = 0.025). ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001.



Notably, in non-pCR tumors, CD3+, CD8+, and PD1+CD8+ T-cell percentages significantly increased after neoadjuvant therapy (5.87% vs. 15.31%, p = 0.033; 0.75% vs. 1.89%, p < 0.001; 0.11% vs. 0.13%, p = 0.025) (Figures 3D–F).

The comparisons of TMB, D50, CD3+, CD8+, CD4+, PD1+, PD1+CD8+, and other T-cell immune factors between pre-NAC and post-NAC tissues in the general population or patients with different clinical endpoints are shown in Table 2.


Table 2 | Comparison of TMB, D50, and immune factors pre-NAC and post-NAC in general population or patients with different curative effects.





Top Five Mutated Genes in Pre-NAC and Post-NAC Samples

Landscape of genomic alterations of breast cancers has been reported previously. Here in this study, the top five mutated genes are TP53, PIK3CA, MLL3, ZFHX3, and CDK12 in pre-NAC samples and TP53, PIK3CA, ARID1A, CDH23, and LRP1B in post-NAC samples (Figure 4), which were similar to other studies (17). Genes with significant loss of genomic alterations after neoadjuvant treatment include ZFHX3, CDK12, and EP300.




Figure 4 | Landscape of genomic alterations in pre-NAC tumors and post-NAC residual non-cancerous tissues (pCR) or cancerous tissues (non-pCR). (A) In pre-NAC tumors, the top 15 mutated genes were TP53, PIK3CA, MLL3, ZFHX3, CDK12, EP300, ERBB2, GRIN2A, KDR, MLL2, NCOR1, NF1, NOTCH4, ARID1A, and ARID1B. (B) In post-NAC residual non-cancerous tissues (pCR) or cancerous tissues (non-pCR), the top 15 mutated genes were TP53, PIK3CA, ARID1A, CDH23, LRP1B, NSD1, ALK, ATRX, AXL, BLM, BRCA1, BRCA2, BRD2, CBFB, and EPHB6. cliniORR, clinical objective response rate; menopause, menopause; ER, estrogen receptor; PR, progesterone receptor; HER-2_, human epidermal growth factor receptor 2. Missense_mutation, nonsense mutation; frame_shift_ins, frame shift insertion mutation; spice_site, splicing mutation; frame_shift del, Frameshift deletion mutation, nonsense mutation, nonsense mutation, in frame del, frameshift deletion mutation, multi hit, multiple site mutation of a same gene; ClinORR 0: Complete Response (CR), 1: Partial Response (PR), 2: Stable Disease (SD), 3: Progressive Disease (PD); ER, PR, HER_2, 0: Negative, 1: +, 2: ++, 3: +++.





High TCR Clonality and Percentage of CD8+ and PD1+CD8+ T Cells Are Associated With Disease-Free Survival

In addition to pCR (Figure 5A), high clonality of TCR (D50) and the percentage of infiltrating CD8+ and PD1+CD8+ T cells are associated with DFS by KM survival analysis (Figures 5B–D). A longer DFS was observed in patients with lower D50 versus higher D50 (29.4 vs. 13.4 months, p = 0.005), in patients with more CD8+ T cells than those with low CD8+ cells (NR vs. 19.2 months, p = 0.007), and in patients with more PD1+CD8+ T cells than in those with low PD1+CD8+ cells (29.4 vs. 14.4 months, p = 0.049). Difference of DFS was not observed between groups of high versus low CD3+ T cells, MPR versus non-MPR, or high versus low TMB (Figures 5E–G).




Figure 5 | Kaplan–Meier survival plot of disease-free survival by pCR, MPR, TCR D50, PD1+CD8+ cells, CD3+ cells, CD8+ cells, and TMB. (A) pCR patients had a longer median disease-free survival (mDFS) than non-pCR patients (NR vs. 23.4 m, Log rank test, χ2 = 3.994, p = 0.041). (B) A longer mDFS was observed in patients with high TCR clonality than those with low TCR clonality (29.4 m vs. 13.4 m, Log rank test, χ2 = 6.660, p = 0.009). (C) A longer mDFS was observed in patients with high-level CD8+ cells than those with low-level CD8+ cell (NR vs. 19.2 m, Log rank test, χ2 = 7.182, p = 0.007). (D) A longer mDFS was observed in patients with high-level PD1+CD8+ cells than those with low level PD1+CD8+ cells (29.4 m vs. 14.4 m, Log rank test, χ2 = 3.852, p = 0.049). (E) mDFS was numerically but not statistically longer in patients with high-level CD3+ cells than those with low-level CD3+ cells (28.7 m vs. 21.3 m, χ2 = 1.192, p = 0.275). (F) Not statistically different mDFS was found between MPR patients and non-MPR patients (25.7 m vs. 23.4 m, Log rank test, χ2 = 0.810, p = 0.368). (G) Not statistically different mDFS was found between high TMB and low TMB patients (25.8 m vs. 18.0 m, Log rank test, χ2 = 0.272, p = 0.602).






Discussion

Breast cancer is the most frequently diagnosed cancer and the leading cause of cancer-related death in women globally (1–3). Neo-adjuvant chemotherapy (NAC) is routine standard of care for women with high-risk, early-stage BC by improving both radical surgery and breast-conserving surgeries and reducing axillary lymph node metastasis (18, 19). However, not all patients unanimously get improved clinical outcome. Thus, one of clinical challenges is how to precisely select the beneficiary patients for NAC.

Several categories of predictive biomarkers in pre-NAC tumors were recently investigated, including clinical genotyping, pCR, immune biomarkers, and so on. In breast tumors it is worth simultaneously studying the relationship between multiple categories of immune biomarkers and clinical outcomes. Sophisticated technologies like multi-plex immunofluorescent cytochemistry, next-generation sequencing-based TMB, TCR repertoire analysis, single-cell RNA sequencing, and spatial transcriptome sequencing have been developed recently. These technologies make it possible to comprehensively study categories of biomarkers in one tumor. Herein, we reported comprehensive biomarkers of TCR, TMB, and T cells in the same specimens of breast cancer tissues before and after NAC.

Our study showed that TMB is consistently higher in non-pCR versus pCR, non-MPR versus MPR, and non-ORR versus ORR patients, suggesting that TMB could predict the efficacy in neoadjuvant chemotherapy setting of breast cancer. In pCR patients, the lower TMB may suggest only a few somatic mutations account for the immunogenicity of these tumors, which are also responsive to NAC.

Correspondingly, in this cohort, TCR clonality is higher in pCR patients than in non-pCR patients. The metric of TCR D50 is a quantitative measure of the degree of diversity of T cells within a sample. The TCR D50 value is the percentage of dominant and unique T-cell clones that account for the cumulative 50% of the total CDR3s count in the sample. The more diverse a library, the closer the value will be to 50. In our study, average D50 is higher in tumors of non-pCR patients than in pCR patients, and higher in tumors of non-MPR than MPR patients, and higher in tumors of non-ORR than ORR patients as well. In addition, TCR clonality correlates with TMB significantly. Linear correlation was observed between TMB and metrics of TCR like D50, diversity index, and entropy. Similar data were reported previously in lung cancer, showing that TCR entropy was linearly correlated with TMB (20). This notable correlation indicated the interaction between TCR and TMB in a neoadjuvant setting of breast cancers. In the GeparNuevo study of TNBC, high TMB associated with pCR, while in our study, low TMB was found in the three pCR tumors. This may be due to the heterogenous population, more stage III disease and different TMB testing platform in our study. We think that in NAC-responsive patients, a few mutated antigens may sufficiently elicit immune response, inducing clonal expansion of responsive T cells, which further provides basis for the antitumor activity of NAC through enhancing immune killing.

To confirm if immune reactive cells were recruited into TME, we also detected the presence of immune cells by the single-plex IHC and quantitative multiple immunofluorescent cytochemistry (mIFC) method. We observed that CD3 and CD8 are significantly at higher expression levels in pCR patients than non-pCR patients. Effector immune cells, especially CD3+ or CD8+ T cells, have been reported as predictive or prognostic biomarkers in cancers. In our study, we reviewed HE slides for single-plex CD3+ cells and multi-plex testing of CD4+ and CD8+ T cells and immune checkpoint markers PD1 and TIM3. Here, we found that CD4+ cell percentages were not significantly different in patients of pCR versus non-pCR, MPR versus non-MPR, or ORR versus non-ORR (Table 2). However, the percentages of CD3+ cells and CD8+ cells were all higher in pCR versus non-pCR patients, in MPR versus non-MPR patients. CD8+ T cells were higher in ORR versus non-ORR patients. PD1+CD8+ cells were numerically lower in pCR versus non-pCR patients, and MPR versus non-MPR patients. Collectively, these data suggested that reactive immune cells were also frequently present in NAC-responsive tumors in a neoadjuvant setting.

We further looked at the dynamic changes of TMB and TCR heterogeneity before and after NAC-treated breast cancers. The TMB reduced significantly after neoadjuvant therapy in non-pCR patients but without TCR index change, while TCR diversity index increased in pCR patients. Notably, CDR3 motif is the major element recognizing the tumor-specific mutated antigens. The CDR3 peptide AWRSAGNYNEQF is the highly expressed TCR in pre-NAC samples of pCR patients and in post-NAC samples of non-pCR patients, suggesting that there is a special CDR3 motif responsive to neoadjuvant therapies. The sequence of these top CDR3 motifs and their functional and predictive roles in BC need to be explored in a future study.

In addition, in non-pCR tumors, CD3+ and CD8+ cells significantly increased after neoadjuvant therapy, suggesting that even without significant clinical benefit, the immune microenvironment can be improved through NAC by recruiting more effective immune cells. This may be due to the fact that chemotherapy could induce the death and antigen release of cancer cells and further increase the immune cells’ infiltration by chemotaxis of upregulated expression of intratumoral chemokines (21, 22). Notably, in our study, PD1+CD4+ cells were found reduced in post-NAC in comparison with pre-NAC tumors. TIM3+CD4+ cell percentages were lower in MPR versus non-MPR tumors, but were not significantly different between pCR and non-pCR pre-NAC tumors. Furthermore, studies also showed that certain lymphocyte populations may have specific roles in different molecular subtypes of breast cancer during the response to neoadjuvant treatments. Thus, detailed analysis of lymphocyte subpopulations can provide critical information on the formation and dynamic changes of immune status in tumors (23). Breast cancers have already been routinely treated based on the molecular genotyping of hormone receptors and HER2. Landscape of genomic alterations of breast cancers has been reported previously (24, 25). Genomic alterations of other driver genes in breast cancers were also reported in association with prognosis. Here, we tested the mutations by NGS of 1,021 genes; in this study, the top five mutated genes are TP53, PIK3CA, MLL3, ZFHX3, and CDK12 in pre-NAC samples and TP53, PIK3CA, ARID1A, CDH23, and LRP1B in post-NAC samples, which were similar to other studies. Genes with significant loss of genomic alterations after neoadjuvant treatment include ZFHX3, CDK12, and EP300, suggesting that, in addition to pro-proliferation (PIK3CA), genomic instability (TP53), cell cycle (CDK12), chromatin remodeling, and epigenetic modification (ARID1A, EP300) are also prevalent in breast cancer. Among the recognized mutated genes, TP53 and PIK3CA mutations seemed to be early events and clonal present in both pre-NAC and post-NAC lesions. Clones harboring other mutated genes like CDK12, NOTCH4, and KDR might be more sensitive to NAC treatment, which were not detected in post-NAC residual tumors. The persistent mutations of PIK3CA and other genes can be exploited to develop combinatorial targeted therapy with chemotherapy or immunotherapy, as previous data showing PIK3CA inhibition plus hormone receptor inhibition had activity in some patients (26).

Recently, ongoing trials showed that promising PD1 inhibitor in combination chemotherapy greatly increases the pCR rate in neoadjuvant setting of breast cancers (27). Tumor mutational burden and immune infiltration had also been shown as independent predictors of response to neoadjuvant immune checkpoint inhibition in early TNBC in the GeparNuevo trial (28). In the study, the used immune gene expression signature included a list of genes including CXCL9, CCL5, CD8A, CD80, CXCL13, IDO1, PDCD1, CD274, CTLA4, and FOXP3. The predictive value of TMB was found significant both for immune checkpoint inhibition with chemotherapy and for chemotherapy alone. It was also reported that high expression of immune-related gene signatures, including cytotoxic molecules, T-cell receptor signaling components, cytokines related to T helper cell type 1 (Th1), and B-cell markers was associated with a pCR in TNBC (29). Expression of NFKB1, TRAF1, and CXCL13 genes, in particular, was significantly correlated with a longer DFS rate. Patients who failed to achieve a pCR showed increased expression of genes related to neutrophils.

In HER2+ BC, immune molecules were also reported in association with pCR in neoadjuvant setting (30). In the NeoALLTO trial, in addition to high levels of ERBB2/HER2 and low levels of ESR1, high expression of immune and stroma gene signatures were significantly associated with higher and lower pCR rates, respectively, and should be further explored as candidate predictive markers (31). Use of patterns of TRBV genes potentially provide information about the association with response to dual HER2 blockade beyond immune gene signatures (32). High use of TRBV11.3 or TRBV4.3, TRBV6.3, and TRBV7.2 identifies patients who have a better response to dual HER2 targeted therapy.

In our study, we had not treated patients with immune checkpoint inhibitor, so we could not directly infer the efficacy of immune therapy in these patients. However, the dynamic changes of immune cell infiltration and genetic profiles after NAC suggested that the immune therapies could probably benefit these patients, because the increasing infiltration of T cells into tumor core induced by NAC is a positive signal for anticancer activity.

Finally, we observed that, in addition to pCR, high clonality of TCR and CD8 expression are associated with better DFS. A longer DFS was observed in patients with lower D50 than those with higher D50, in patients with higher infiltration of lymphocytes than those with low TILs, or in patients with more CD8+ T cells than those with low CD8+ cells. We also calculated the overall survival (OS) but found no significant difference between subgroups of pCR versus non-pCR, MPR versus non-MPR, high D50 versus low D50, or high versus low infiltration of immune cells (Supplementary Figure 3), which might be due to not long and immature follow-up. These results suggested that NAC-associated immune microenvironment modification could be translated into longer benefit of DFS in a neo-adjuvant setting of chemotherapy.

This study had several limitations. It was a single-center study with a relatively small sample size, which may limit statistical significance. Sample size will be greater in a future study. We did not assess the relationship between immune markers and the final endpoint of OS due to limited follow-up data. Our analyses were restricted to CD4, CD8, PD1, and TIM3; several other markers of critical immune cell subtypes have been established, including FoxP3, CD127, CD68, CD103, and CD19, but these were not examined due to the limited number of markers that can be stained in the same run using mIFC and short of sufficient pre-NAC small biopsy samples. Functional status of infiltrating T cells also needs to be further studied as reported to correlate to the clinical outcome of breast cancers (28, 33). Single-cell RNA sequencing can help to generate an immune map of continuous T-cell activation and differentiation states as reported (34).



Conclusions

In summary, our results demonstrated that TCR index and TMB have significant interaction and may guide neo-adjuvant treatment in operable breast cancers. Response to NAC in tumors with high TCR clonality may be attributable to high infiltration and expansion of TILs or CD8-positive effector cells. Infiltration of T cells into TME by NAC may predispose tumors to PD1/PDL1 inhibition alone or in combination with NAC. Persistent PIK3CA mutations in pre-NAC and post-NAC tissues may also warrant targeted therapy in combination with chemotherapy or immunotherapy. However, these reflections merit further investigation.
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Supplementary Figure 1 | Visualization of TCR clonotypes in tissues of pre-NAC versus post-NAC. Representative visualization plots of TCR clonotypes in tissues of pre-NAC versus post-NAC in a pCR patient (A) and non-pCR patient (B). In the tissue microenvironment, the total number of TCR clonotypes increased after NAC in pCR patient, while in non-pCR patient the number decreased suggesting some special clonotypes expanded after NAC in the tumor microenvironment.

Supplementary Figure 2 | Calculation of TCR D50 values in samples of pre-NAC versus post-NAC. Representative TCR D50 plots in tissues of pre-NAC versus post-NAC in a pCR patient (A) and non-pCR patient (B). In the tissue microenvironment of the pCR patient, the TCR D50 values was 0.7 and 2.4 in pre-NAC and post-NAC tissues respectively. In the tumor microenvironment of the non-pCR patient, the TCR D50 values was 2.2 and 0.4 in pre-NAC and post-NAC tissues respectively.

Supplementary Figure 3 | Kaplan Meir survival plot of overall survival by pCR, MPR, TCR D50, PD1+CD8+ cells, CD3+ cells, CD8+ cells, TMB. (A). median overall survival (mOS) was not significantly different between pCR and non-pCR patients (NR vs 33.8m, Log rank test, χ2 = 0.345, P=0.557). (B). mOS was not significantly different between low D50 and high D50 patients (NR vs 33.8m, Log rank test, χ2 = 0.165, P=0.684). (C). mOS was not significantly in patients with high level versus low level of CD8+ cells infiltration (NR vs 33.8m, Log rank test, χ2 = 0.409, P=0.523). (D). mOS was not significantly different in patients with high level versus low level of PD1+CD8+ cells infiltration (33.8m vs NR, Log rank test, χ2 = 0.733, P=0.392). (E). mOS was not significantly different in patients with high level versus low level of CD3+ cells infiltration (NR vs 33.8m, Log rank test, χ2 = 0.028, P=0.867). (F). mOS was not significantly different between MPR patients and non-MPR patients (NR vs 33.8m, Log rank test, χ2 = 1.048, P=0.305). (G). mOS was not significantly different between low TMB and high TMB patients (NR vs 33.8m, Log rank test, χ2 = 0.104, P=0.747).



Abbreviations

pCR, pathological complete response; mIHC, multiplex immunohistochemistry; TILs, tumor-infiltrating lymphocytes; NACs, neoadjuvant chemotherapies; TCRs, T-cell receptors.
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Ferroptosis is an iron-dependent programmed cell death process. Although ferroptosis inducers hold promising potential in the treatment of breast cancer, the specific role and mechanism of the ferroptosis-related gene EMC2 in breast cancer have not been entirely determined. The potential roles of EMC2 in different tumors were explored based on The Cancer Genome Atlas (TCGA), Genotype-Tissue Expression (GTEx), Gene Expression Profiling Interactive Analysis 2 (GEPIA2), Tumor Immune Estimation Resource (TIMER), Shiny Methylation Analysis Resource Tool (SMART), starBase, and cBioPortal for cancer genomics (cBioPortal) datasets. The expression difference, mutation, survival, pathological stage, DNA methylation, non-coding RNAs (ncRNAs), and immune cell infiltration related to EMC2 were analyzed. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed to identify the differences in biological processes and functions among different related genes. The expression levels of core prognostic genes were then verified in breast invasive carcinoma samples using immunohistochemistry and breast invasive carcinoma cell lines using real-time polymerase chain reaction. High expression levels of EMC2 were observed in most cancer types. EMC2 expression in breast cancer tissue samples correlated with poor overall survival. EMC2 was mutated and methylated in a variety of tumors and affected survival. The LINC00665-miR-410-3p axis was identified as the most potential upstream ncRNA-related pathway of EMC2 in breast cancer. EMC2 levels were significantly positively correlated with tumor immune cell infiltration, immune cell biomarkers, and immune checkpoint expression. Our study offers a comprehensive understanding of the oncogenic roles of EMC2 across different tumors. The upregulation of EMC2 expression mediated by ncRNAs is related to poor prognosis and tumor immune infiltration in breast cancer.
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Introduction

Cancer is the leading cause of death and an essential obstacle to increasing life expectancy, globally. With the aging of populations and increasing socio-economic development, the burden of cancer is rapidly increasing. According to the 2020 Global Cancer Statistics Report (1), female breast cancer had surpassed lung cancer to become the world’s most commonly diagnosed cancer, with an estimated 2.3 million new cases in 2020 (11.7%); it was also the fifth leading cause of cancer deaths worldwide, with 685,000 deaths. In China, the number of new cases of breast cancer ranks fourth, after those of lung cancer, colorectal cancer, and gastric cancer. Therefore, there is an urgent need to develop effective therapeutic targets or identify promising prognostic biomarkers for breast cancer.

The term “ferroptosis” was first proposed in 2012, and it has since become one of the research hotspots in the field of tumors. Ferroptosis is considerably different from other cell death types in terms of morphology, molecular biology, and metabolic characteristics. Furthermore, the activation of ferroptosis can inhibit the proliferation of tumor cells, which is speculated to become a new tumor treatment method (2). The destruction of the endoplasmic reticulum membrane protein complex (EMC) family affects several cellular processes, including protein transport, organelle communication, endoplasmic reticulum stress, virus maturation, and lipid homeostasis. The EMC is closely related to neurological diseases and tumors. Rare EMC1 mutations are associated with severe human neurodegenerative diseases, which manifest as growth retardation, cerebellar atrophy, scoliosis, hypotonia, psychomotor retardation, epilepsy, and craniofacial abnormalities (3–5).

Changing the expression level of EMC subunits can regulate tumor growth in several human cancer models. EMC6 knockdown increases the proliferation of glioblastoma cells, while its overexpression slows down cell proliferation, inhibits invasiveness, and enhances chemotherapy sensitivity (6). EMC10-2 overexpression also inhibits glioma-induced cell cycle progression and invasion (7). In gastric cancer cells, EMC6 overexpression reduces invasiveness and induces cell cycle arrest and apoptosis, but it does not induce autophagy (8). In a study on the corresponding target screening of ferroptosis, EMC2, also known as: KIAA0103, TTC35, was found more sensitive to erastin; however, there is no report on the function of this gene in tumor immunotherapy, which is an obstacle to clarifying the relationship between EMC2 and tumor immunology.

Many factors regulate gene expression. Among them, ncRNAs are important regulators of eukaryotic gene expression and are related to monoallelic expression in other organisms (9). miRNA is a small endogenous ncRNA that negatively regulates the target gene expression (10). The long-chain gene expression in lncRNA regulatory factors play an important role in regulating many biological processes (11).

In this study, we performed expression, survival, and mutation analyses for EMC2 in various human cancers; to the best of our knowledge, this is the first study on these lines. In addition, we discussed the regulation of non-coding RNA (ncRNA) related to EMC2, including microRNA (miRNA) and long non-coding RNA (lncRNA), in breast cancer. Finally, we determined the relationship between EMC2 expression and immune cell infiltration, immune cell biomarkers, or immune checkpoints in breast invasive carcinoma (BRCA). Taken together, our findings indicate that the ncRNA-mediated upregulation of EMC2 expression is associated with prognosis and poor tumor immune infiltration in of BRCA.



Materials and Methods


TCGA and Oncomine Data Retrieval and Analysis

TCGA tumor dataset for 33 cancer types was downloaded from https://genome-cancer.ucsc.edu/. For differential expression analysis, the R (version “4.1”) package ‘limma’ was used (12). Oncomine, a cancer microarray database and web-based data-mining platform aimed at facilitating discovery from genome-wide expression analyses (https://www.oncomine.org/resource/login.html). Search for “TTC35”, threshold (p-value): 0.05, threshold (fold change): 1.5, threshold (gene rank): Top 10%, data type: all (13). A p-value < 0.05 was considered statistically significant.



GEPIA2 Database Analysis

Gene expression profiling interactive analysis 2 (GEPIA2; http://gepia2.cancer-pku.cn/#index/) is a tumor/normal differential expression analysis based on TCGA and gene tissue expression (GTEx) data, for analysis according to cancer type or pathological stage, patient survival analysis, network tools for similar gene detection, correlation analysis, and dimensionality reduction analysis (14). GEPIA2 was used to detect the expression of EMC2 and lncRNA in different types of human cancers, with p < 0.05 considered statistically significant. It was also used to analyze the survival of EMC2 in 33 different cancer types (including overall survival [OS] and relapse-free survival [RFS]), as well as to evaluate the prognostic value of candidate lncRNAs in BRCA. A log-rank p-value < 0.05 was considered statistically significant. In addition, the GEPIA2 database was used to evaluate the correlation between EMC2 expression in BRCA and immune checkpoints. Absolute values of R > 0.1 and p < 0.05 were judged as statistically significant. Univariate and multivariate Cox proportional hazards models were used for survival analysis, and the R package ‘Survival’ (2.41-3) was used for the Kaplan–Meier estimation of OS.



EMC2 Mutation Analysis

After logging in to the cBioPortal website (https://www.cbioportal.org/), “TCGA Pan-Cancer Atlas Research” was selected in the “Quick Selection” column, and “EMC2” was entered to query gene mutation characteristics (15). We observed the mutation frequency, mutation type, and copy number variation (CNV) results of all TCGA tumors in the “Tumor Type Summary” module, and observed the mutation site information of EMC2 in the protein structure diagram through the “mutation” module. We also used the “comparison” module to obtain data on overall, disease-free, progression-free, and disease-free survival differences in TCGA cancer cases with or without EMC2 genetic changes. Kaplan–Meier plots of log-rank p-values were also generated.



EMC2 CpG Site Methylation Analysis

Shiny methylation analysis resource tool (SMART; http://www.bioinfo-zs.com/smartapp/) is a user-friendly and easy-to-use web application for comprehensively analyzing the DNA methylation data of TCGA (16). Here, by searching “EMC2,” we explored the difference in the average methylation level of the tumor and normal groups of EMC2 in each type of cancer and the effect of methylation on tumor survival.



Candidate miRNA Prediction

Several target gene prediction programs, such as PitA, RNA22, miRmap, microT, Miranda, PicTar, and TargetScan, were used to predict the upstream binding miRNAs of EMC2 (17). Only predicted miRNAs usually appear in the above two programs before they are used in subsequent analyses. These predicted miRNAs were considered candidate miRNAs for EMC2.



StarBase Analysis

starBase (http://starbase.sysu.edu.cn/) is the most comprehensive database of mRNA and protein-RNA interaction networks (18). We used starBase to analyze the expression correlation of miRNA-EMC2, hsa-miR-410-3p-lncRNA, or lncRNA-EMC2 in BRCA. TCGA data was used to analyze the expression levels of hsa-miR-410-3p and lncRNA in BRCA and normal controls.



Kaplan–Meier Plotter Analysis

The online Kaplan–Meier plotter (http://kmplot.com/analysis/) was used to perform a hsa-miR-410-3p survival analysis on BRCA, and a log-rank p-value < 0.05 was considered statistically significant (19).



TIMER Database Analysis

The tumor immune estimation resource (TIMER, https://cistrome.shinyapps.io/timer/) is a web server for the comprehensive analysis of tumor-infiltrating immune cells (20). TIMER is used to analyze the correlation between the expression level of EMC2 in BRCA and the expression level of immune checkpoints, and used the R package ‘GSVA’ to analyze the relationship between the expression level of EMC2 and immune cell infiltration in breast cancer. p < 0.05 was considered statistically significant.



Cell Culture

The human breast epithelial cell line MCF10A and human breast cancer cell lines MCF-7 and MDA-MB-231 were obtained from Bei Na Biotechnology Co., Ltd. (Beijing, China). The MCF7 and MDA-MB-231 cells were maintained in high-glucose Dulbecco’s modified Eagle medium (DMEM; Gibco, Grand Island, NY, USA) supplemented with 10% fetal bovine serum (FBS; Gibco), and 1% penicillin–streptomycin (Gibco). The MFC10A cells were cultured in DMEM/Ham’s F-12 medium (Invitrogen) supplemented with 10% FBS (Gibco), 0.5 µg/ml hydrocortisone (Sigma-Aldrich, St. Louis, MO, USA), 20 ng/ml epidermal growth factor (Sigma-Aldrich), 10 μg/ml insulin (Sigma-Aldrich), and 1% penicillin–streptomycin (Gibco). Cells were cultured in a humidified atmosphere containing 5% CO2 and 95% air at 37°C.



EMC2 Expression Analysis

Total RNA was extracted from the normal human breast epithelial cell line MCF 10A and breast cancer cell lines MCF7 and MDA-MB-231 using TRIzol reagent (Sigma-Aldrich). The extracted RNA was reverse-transcribed to cDNA using HiScript II Q RT SuperMix (R223-01; Vazyme Biotech, Nanjing, China). Real-time PCR was performed on a QuantStudio™ 6 Flex (Life Technologies, USA) using ChamQ SYBR qPCR Master Mix (Q711-02; Vazyme Biotech, Nanjing, China). The 2–ΔΔCt method was used to calculate the relative gene expression levels and then normalized against GAPDH. Primers were designed and synthesized by Sangon Biotech (Shanghai, China). The primer sequences are listed in Supplementary Table 1.



Statistical Analysis

The statistical analysis in this study was automatically calculated by the online databases mentioned in the above sections. A p-value < 0.05 or log-rank p-value < 0.05 was considered to be statistically significant.




Results


Differences in the Expression of EMC2 in Tumors

To explore the possible role of EMC2 in carcinogenesis, we first analyzed its expression in 33 human cancers. As shown in Figure 1A, compared with the normal group, EMC2 was expressed differently in 22 cancer types, of which 18 were highly expressed in the tumor group, that included breast invasive carcinoma (BRCA), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), glioblastoma multiforme (GBM), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), brain lower grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), pancreatic adenocarcinoma (PAAD), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), skin cutaneous melanoma (SKCM), and thymoma (THYM). There were four cancer types with low expression in the tumor group, comprising acute myeloid leukemia (LAML), ovarian serous cystadenocarcinoma (OV), testicular germ cell tumors (TGCT), and thyroid carcinoma (THCA). However, BRCA, CHOL, DLBC, GBM, HNSC, KIRC, LAML, LIHC, LUAD, LUSC, OV, PAAD, PRAD, SKCM, STAD, TGCT, and THYM showed significant differences in 17 tumors. We further verified the expression of EMC2 in tumors containing paired samples. As shown in Figure 1B, there were significant differences in the expression levels of EMC2 in BRCA, CHOL, esophageal carcinoma (ESCA), HNSC, KIRC, papillary renal cell carcinoma (KIRP), LIHC, LUSC, STAD, and THCA compared with the corresponding adjacent normal tissue controls. Second, we used GEPIA2 to analyze the influence of EMC2 expression on tumor grading and found significant differences in COAD, ESCA, KIRC, and TCGT (Figure 1C). The Oncomine database was used to evaluate the differential expression of EMC2 in tumors, and similar results were obtained (Supplementary Figure 1). The above results show that EMC2 is a potential oncogene for eight cancers.




Figure 1 | EMC2 expression analysis in multiple cancers. (A) The expression of EMC2 in 33 types of human cancer based on the TCGA (cancer samples) and GTEx (normal tissues of unpaired samples) databases. (B) EMC2 expression in paired samples obtained from TCGA. (C) Based on the TCGA data, the expression levels of the EMC2 were analyzed by the main pathological stages (stage I, stage II, stage III, and stage IV) of COAD, ESCA, KIRC, and TGCT. Log2 (TPM + 1) was applied for log-scale. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001.





EMC2 Expression Affects the Prognosis of Human Cancer

Next, a pan-cancer survival analysis was performed; it included two prognostic indices: OS and RFS. For OS, a high EMC2 expression level showed unfavorable prognoses in bladder urothelial carcinoma (BLCA), BRCA, and uveal melanoma (UVM); however, KIRC patients with higher EMC2 expression showed a better prognosis (Figure 2A). For RFS, BLCA and HNSC patients with high EMC2 expression levels showed poor prognoses, while KIRC and pheochromocytoma and paraganglioma (PCPG) patients with high EMC2 expression levels had better prognostic survival (Figure 2B). On this basis, we used univariate and multivariate Cox regression to analyze the effect of EMC2 expression and other clinicopathological factors on breast cancer prognosis. The top 300 positive and negative correlation genes of EMC2 were then subjected to GO and KEGG enrichment analyses, respectively. As shown in Supplementary Table 2, the results show that EMC2 expression had an important effect on breast cancer and could be used as an independent prognostic indicator; these findings were irrespective of the regression analysis used (univariate or multivariate). Therefore, the expression of EMC2 in breast cancer can have significant effects on factors such as tumor progression and even patient survival. GO and KEGG enrichment analysis found that genes positively related to EMC2 are mainly involved in RNA transport and cell cycle regulation (Supplementary Figure 2), whereas genes negatively related to EMC2 are mainly involved in ECM-receptor interaction, the relaxin signaling pathway, and focal adhesion (Supplementary Figure 3).




Figure 2 | Correlation between EMC2 gene expression and survival prognosis of cancers in TCGA. We used the GEPIA2 tool to perform overall survival (A) and disease free survival (B) analyses of different tumors in TCGA by EMC2 gene expression. The survival map and Kaplan-Meier curves with positive results are given.





Effect of EMC2 Mutations on Human Cancer

We observed EMC2 mutations in different tumor samples in TCGA cohort. As shown in Figure 3A, the frequency of EMC2 mutations in OV patients with “amplification” as the primary type was the highest (>15.41%), followed by breast cancer (10.33%). Uterine corpus endometrial carcinoma (UCEC) was mainly of the “mutation” type, and its mutation frequency was about 4.54%. Some patients (about 1.15%) with mesothelioma lacked EMC2. Figure 3B shows the types and locations of EMC2 mutations. In addition, we explored the potential relationship between EMC2 mutations and the clinical survival and prognosis among patients with different cancer types. Figure 3C shows that compared with PRAD patients without EMC2 mutations, those with EMC2 mutations had decreased OS (p = 3.384e-4), disease-free survival (p = 1.137e-3), and progression-free survival (p = 8.209e-4), whereas the disease-specific survival rate (p = 2.81e-7) was particularly poor. In breast cancer patients, survival was not affected by the above mentioned mutations. Considering the number of clinical samples, the effect of EMC2 structural mutations on breast cancer prognosis requires further analysis.




Figure 3 | Mutation feature of EMC2 in different tumors of TCGA. (A) We analyzed the mutation features of EMC2 for the TCGA tumors using the cBioPortal tool. (B) We also analyzed the potential correlation between mutation status and overall, disease-specific, disease-free and progression-free survival of LIHC (C) using the cBioPortal tool.





Effect of EMC2 CpG Site Methylation on Human Cancer

DNA methylation can function to silence tumor suppressor genes along with genetic mutations. Thus, we calculated differentially methylated CpG sites based on the tumor and normal samples. The CpG sites of the EMC2 promoter were significantly methylated in the tumor samples compared to in the normal samples of most cancer types (Figure 4A). Moreover, EMC2 methylation had a significant effect on the survival of tumors (Figure 4B). We found that EMC2 showed hypomethylation in BLCA, BRCA, HNSC, KIRC, KIRP, LIHC, LUAD, PRAD, READ, and UCEC, but hypermethylation in COAD and LUSC.




Figure 4 | Pan-cancer EMC2 methylation analysis. (A) Pan-cancer differential expression of EMC2. (B) The impact of EMC2 methylation on survival. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Prediction and Analysis of miRNA Upstream of EMC2

To determine whether ncRNAs regulate EMC2, we first predicted upstream miRNAs that could bind to EMC2, and found 19 such miRNAs. To improve visualization, a miRNA–EMC2 regulatory network was established using Cytoscape software (Figure 5A). Based on the mechanism of miRNA in regulating the target gene expression, we speculated a negative correlation between miRNA and EMC2; therefore, an expression correlation analysis was performed. As shown in Figure 5B, EMC2 expression was significantly negatively correlated with miR-410-3p expression. The expression and prognostic value of miR-410-3p in BRCA were also determined. As mentioned above, in Figures 5C, D, miR-410-3p expression was significantly downregulated in BRCA, and its upregulated expression was positively correlated with prognosis (Figure 5E). These findings could that miR-410-3p is the most significant miRNA regulating EMC2 in BRCA.




Figure 5 | Identification of hsa-miR-410-3p as a potential upstream miRNA regulating EMC2 expression in BRCA. (A) The miRNA-EMC2 regulatory network established using Cytoscape software. (B) The expression correlation between predicted miRNAs and EMC2 in BRCA analyzed using starBase database. (C) hsa-miR-410-3p expression in breast cancer based on TCGA (cancer tissue) and GTEx (normal tissues of unpaired samples) databases. (D) hsa-miR-410-3p expression in breast cancer based on paired cancer samples obtained from TCGA. (E) The prognostic value of hsa-miR-410-3p in BRCA assessed by Kaplan-Meier plotter. ***P < 0.001.





Prediction and Analysis of lncRNA Upstream of miR-410-3p

Using starBase, 30 lncRNAs were predicted that were upstream of miR-410-3p. Similarly, to improve visualization, the lncRNA-miR-410-3p regulatory network was constructed using Cytoscape software (Supplementary Figure 4). Then, the corresponding normal tissue data in BRCA were extracted using GTEx and TCGA to determine the expression levels of these lncRNAs in BRCA. As shown in Figures 6A–D, among all the 30 lncRNAs, only NEAT1 and LINC00665 were significantly down- and upregulated in BRCA, respectively, compared to the normal control. Subsequently, the prognostic value of the two lncRNAs in BRCA was evaluated. As shown in Figures 6E–H, these lncRNAs did not significantly influence the survival of breast cancer patients. According to the competing endogenous RNA (ceRNA) hypothesis, lncRNA can increase mRNA expression by competitively binding and sharing miRNA. Therefore, a negative correlation between lncRNA and miRNA or a positive correlation between lncRNA and mRNA plausibly exists. As shown in Table 1, the starBase database was used to detect the expression correlation between the two lncRNAs in BRCA and miR-410-3p or EMC2. Using the expression analysis, survival analysis, and considering the correlation analysis, LINC0065 was found the most significant lncRNA upstream of the miR-410-3p/EMC2 axis in BRCA.




Figure 6 | Expression analysis and survival analysis for upstream lncRNAs of hsa-miR-410-3p in BRCA. (A–D) The expression of NEAT1 (A, B) and linc00665 (C, D) in TCGA BRCA samples compared with “TCGA and GTEx normal tissues of unpaired samples” or “TCGA paired samples” data. (E–H) The OS analysis for NEAT1 (E) and LINC00665 (G) in BRCA. The RFS for NEAT1 (F) and LINC00665 (H) in BRCA. *p value < 0.05. **P < 0.01; ***P < 0.001.




Table 1 | Correlation analysis between lncRNA and miRNA-410-3p or lncRNA and EMC2 in BRCA determined by starBase database.





Correlation Between EMC2 Expression and Immune Cell Infiltration in BRCA

Immunotherapy is a treatment method that enhances or inhibits immune system function to cure diseases. Immunotherapy has achieved satisfactory results in malignant melanoma, lung cancer, and other tumors. Compared with lung cancer and melanoma, breast cancer is considered a “weakly immunogenic” tumor, and its immunotherapy effect is not sufficient. Therefore, it is necessary to find new genes to improve the immunotherapy of breast cancer. As correlation analysis can provide critical clues for studying EMC2 functions and mechanisms, the correlation between the expression level of EMC2 and the level of immune cell infiltration was evaluated. As shown in Figure 7A, the expression of EMC2 in BRCA was related to the infiltration of 17 immune cells, including CD8+ T cells, mast cells, natural killer (NK) cells, T helper cells (Th1, Th2, and Th17), and neutrophils.




Figure 7 | The relationship of immune cell infiltration with EMC2 expression and correlation of EMC2 expression with PD-1, PD-L1, CTLA-4 and TIM-3 expression in BRCA. (A) Correlation of EMC2 expression with the infiltration of different immune cells in BRCA. (B) Spearman correlation of EMC2 with expression of PD-1 in BRCA adjusted by purity using TIMER. (C) Spearman correlation of EMC2 with expression of PD-L1 in BRCA adjusted by purity using TIMER. (D) Spearman correlation of EMC2 with expression of CTLA-4 in BRCA adjusted by purity using TIMER. (E) The expression correlation of EMC2 with TIM-3 in BRCA adjusted by purity using TIMER. (F) The expression correlation of EMC2 with PD-1 in BRCA determined by GEPIA database. (G) The expression correlation of EMC2 with PD-L1 in BRCA determined by GEPIA database. (H) The expression correlation of EMC2 with CTLA-4 in BRCA determined by GEPIA database. (I) The expression correlation of EMC2 with TIM-1 in BRCA determined by GEPIA database. ns, not; significant; *P < 0.05; **P < 0.01; ***P < 0.001.





Correlation Between EMC2 Expression and Immune Cell Biomarkers in BRCA

To further explore the role of EMC2 in tumor immunity, we used the GEPIA database to determine the correlation of EMC2 expression with immune cell biomarkers in BRCA. As shown in Table 2, EMC2 showed correlation with B-cell biomarkers (CD19 and CD79A), CD8+ T cell biomarkers (CD8B), M1 macrophage biomarkers (IRF5), M2 macrophage biomarkers (CD163 and MS4A4A), dendritic cell biomarkers (HLA-DPB1, CD1C, and NRP1), NK cell biomarkers (KIR2DL3, KIR2DL4, and KIR3DL3), mast cell biomarkers (TPSB2 and TPSAB1), Th1 cell markers (TNF-α), Th2 cell markers (GATA3), Th17 cell markers (STAT3), and Tfh cell markers (BCL6). These findings partially indicate a significant correlation between EMC2 expression and immune cell infiltration.


Table 2 | Correlation analysis between EMC2 and biomarkers of immune cells in BRCA determined by GEPIA2 database.





Relationship Between EMC2 and Immune Checkpoints

PD1/PD-L1, CTLA-4, and TIM-3 are critical immune checkpoints responsible for tumor immune escape. Considering the potential carcinogenic effects of EMC2 in BRCA, the relationships between BRCA and PD1, PD-L1, CTLA-4, and TIM-3 were evaluated. Figures 7B–E shows that EMC2 expression is significantly positively correlated with PD-L1, CTLA-4, and TIM-3 in BRCA, regulated by purity. From the expression correlation analysis, we also found that EMC2 was significantly positively correlated with PD-L1, CTLA-4, and TIM-3 in BRCA (Figures 7F–I). These results indicate that tumor immune escape may involve the EMC2-related carcinogenesis of BRCA.



EMC2 Analysis Using RT-qPCR and Human Protein Atlas

After analyzing EMC2 expression with RT-qPCR (Figure 8A) and immunohistochemistry (Figures 8B–D), we confirmed that it was upregulated in MCF7 and MDA-MB-231 cells compared to MCF10A cells. The HPA provides a map showing the distribution and relative abundance of proteins in normal human breast tissues and cancer tissues. The protein levels of the EMC2 was significantly higher in tumor tissues compared with normal tissues based on the HPA database; the EMC2 protein levels were consistent with the RT-qPCR results. The results were significant (p < 0.05).




Figure 8 | Expression of EMC2 in breast cancer cells and tissues. (A) Expression analysis of EMC2 in breast normal and tumor cells. (B–D) Expression analysis of EMC2 in breast normal and tumor tissues. **p < 0.01.






Discussion

The incidence and mortality of breast cancer in women rank first and second globally, respectively (21). This disease seriously endangers women’s lives and health, and its global burden exceeds that of most other cancers (22). Clarifying the molecular mechanisms of breast cancer can help in the development of effective therapeutic drugs or the search for key clues of promising prognostic biomarkers. An increasing number of studies have shown that the EMC plays a vital role in the initiation and progression of cancer in humans (8, 23). However, in breast cancer, the function of EMC2 is still unclear, and further research is needed.

Owing to the lack of research on EMC2 in cancer, in this study, we aimed to perform a pan-cancer analysis of EMC2 expression using TCGA. We found that EMC2 is highly expressed in many tumors, but lowly in LAML, OV, TGCT, and THCA. The survival analysis of EMC2 in tumors shows that BRCA patients with high EMC2 expression could have a poor survival prognosis. In general, hypermethylation of genes lead to downregulated gene expression (24). However, we found that although EMC2 is hypermethylated, it is highly expressed in COAD and LUSC. CpG methylation in the promoter region promotes gene transcription in tumors (25). Several potential molecular mechanisms by which gene activation may be regulated under the influence of a hypermethylated gene promoter. First, under certain circumstances, promoter DNA hypermethylation hinders the binding of transcription inhibitors, thereby promoting downstream gene transcription. Second, hypermethylated promoters interact with enhancers but not with silencers to recruit transcription activators and enhance downstream gene transcription. Third, there are multiple variable promoters in certain mammalian genes, which promote the formation of alternative splicing bodies and cause functional differences in the form of protein isoforms. A hypermethylated promoter may induce transcription of the first promoter, increasing the target gene transcript activity and reducing the alternative spliceosome content. However, the specific reasons for the hypermethylation of the promoter region and the high expression of EMC2 in COAD and LUSC have not been reported. Therefore, the methylation regulation of this gene requires further research.

The cBioPortal database was used to analyze the effect of EMC2 mutation on tumor prognosis. Although this mutation had no significant effect on the prognosis of breast cancer, it had a significant difference on prostate cancer. EMC2 mainly uses gene amplification as the main mutation mode, which leads to its high expression in most tumors. In breast cancer, we find the amplification rate of EMC2 is 11% and the deep deletion rate is 0.1%. Gene amplification can lead to a selective increase in the copy number of certain genes in cells, which is the main mechanism of oncogene activation. This oncogene amplification can lead to the overexpression of the corresponding product, thereby promoting tumor growth and giving cells the potential for immortal proliferation (26). In addition, gene amplification is one of the main mechanisms for tumor cells to evade the efficacy of chemotherapy drugs (27). In this study, we analyzed the relationship between EMC2 expression and the co-expression of common oncogenes and drug resistance genes in tumors. The results showed that EMC2 has a significant co-expression relationship with multiple oncogenes and drug resistance genes. The high expression of EMC2 caused by its own gene amplification may also affect the expression of other genes, thereby improving the proliferation and drug resistance of tumor cells. Therefore, the use of EMC2 as a target is of great significance to the diagnosis, prognosis, and treatment of tumors. The results of our multivariate Cox regression analysis suggested that EMC2 can be used as an independent prognostic factor for breast cancer. All of these results collectively indicate that EMC2 has an important function in breast cancer and could become a new tumor prognostic biomarker.

For decades, the focus of cancer biology research has been the involvement of protein-coding genes. Only recently was a whole class of molecules, called “ncRNAs” was discovered in this regard. ncRNAs play a key regulatory role in shaping cell activity, including carcinogenic molecules and molecules that act in a tumor-suppressing manner. Previous research suggests that most of these miRNAs are tumor suppressor miRNAs in BRCA (28). For example, NEAT1 induced breast cancer progression by regulating the miR-410-3p/CCND1 axis, indicating that NEAT1 may be a potential therapeutic target in breast cancer (29).

In contrast, the inhibition of miR-410-3p in MCF7 cells resulted in higher proliferation, as assessed using the MTT, plate colony formation, and EdU assays. In addition, miR-410-3p is expressed at low levels with snail in breast cancer samples (30). Differentiation antagonizing non-protein-coding RNA (DANCR) targets and regulates miR-758-3p, and its overexpression can attenuate the anti-cancer effect of miR-758-3p on breast cancer cells (31). The rescue of miR-299-5p expression inhibits breast cancer cell migration and invasion, while the inhibition of miR-299-5p promotes cell migration and invasion (32). Through correlation, expression, and survival analyses, miR-410-3p was found to be the most significant miRNA tumor suppressor upstream of EMC2.

According to the ceRNA hypothesis, the lncRNA upstream of the miRNA-410-3p/EMC2 axis should also be an oncogene in BRCA. Accordingly, we predicted lncRNAs on the miRNA-410-3p/EMC2 axis and found 55 potential lncRNAs. Through expression, survival, and correlation analyses, we found that LINC00665 was the most significantly upregulated lncRNA. LINC00665 is involved in tumor proliferation, invasion, drug resistance, angiogenesis, and epithelial-mesenchymal transition (EMT) as an oncogene in various tumor, including breast cancer. For example, knockdown of LINC00665 significantly inhibits the growth of breast cancer cells in vitro, significantly weakens the migration and invasion abilities, reduces the expression of EMT-related genes, and promotes apoptosis. By contrast, the overexpression of LINC00665 can promotes breast cancer progression (11, 33).

The tumor development process involves mutual transformation and mutual checks and balances between the tumor and immune cells. Recent studies have described the rich tumor immune microenvironment in breast cancer subgroups, these immune infiltrations include innate and adaptive immunity cells, which can be detected and characterized in biopsy specimens and have prognostic value (34). We found that EMC2 expression was significantly correlated with a variety of immune cells. In addition, EMC2 was also significantly associated with biomarkers of these infiltrated immune cells. This indicates that tumor immune infiltration may partly account for EMC2-mediated carcinogenesis in BRCA.

In addition, immune checkpoint inhibitors are effective in many types of solid tumors. Tumor immune checkpoint blockade immunotherapy targeting PD-1 or CTLA-4 prolongs the OS rate of cancer patients (35). Therefore, we also evaluated the relationship between EMC2 and immune checkpoints. The results show that the upregulation of EMC2 expression is significantly related to CD274, CTLA4, and TIM-3 in BRCA, indicating that targeting EMC2 may improve immunotherapy in BRCA.

In conclusion, we clarified that EMC2 is highly expressed in multiple cancer types, including BRCA, and is positively correlated with unfavorable prognoses in BRCA. We determined the upstream regulatory mechanism of EMC2 in BRCA, namely the LINC00665/miR-410-3p/EMC2 axis (Figure 9). Our findings also indicate that EMC2 may exerts its carcinogenic effects by increasing tumor immune cell infiltration and immune checkpoint expression. However, these results need to be validated using basic in vitro and in vivo experiments and large-scale clinical trials in the future.




Figure 9 | The model of LINC00665-niR-410-3p-EMC2 axis in carcinogenesis of BRCA.
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Background

Triggering receptor expressed on myeloid cells (TREM)-1 is a key mediator of innate immunity previously associated with the severity of inflammatory disorders, and more recently, the inferior survival of lung and liver cancer patients. Here, we investigated the prognostic impact and immunological correlates of TREM1 expression in breast tumors.



Methods

Breast tumor microarray and RNAseq expression profiles (n=4,364 tumors) were analyzed for associations between gene expression, tumor immune subtypes, distant metastasis-free survival (DMFS) and clinical response to neoadjuvant chemotherapy (NAC). Single-cell (sc)RNAseq was performed using the 10X Genomics platform. Statistical associations were assessed by logistic regression, Cox regression, Kaplan-Meier analysis, Spearman correlation, Student’s t-test and Chi-square test.



Results

In pre-treatment biopsies, TREM1 and known TREM-1 inducible cytokines (IL1B, IL8) were discovered by a statistical ranking procedure as top genes for which high expression was associated with reduced response to NAC, but only in the context of immunologically “hot” tumors otherwise associated with a high NAC response rate. In surgical specimens, TREM1 expression varied among tumor molecular subtypes, with highest expression in the more aggressive subtypes (Basal-like, HER2-E). High TREM1 significantly and reproducibly associated with inferior distant metastasis-free survival (DMFS), independent of conventional prognostic markers. Notably, the association between high TREM1 and inferior DMFS was most prominent in the subset of immunogenic tumors that exhibited the immunologically hot phenotype and otherwise associated with superior DMFS. Further observations from bulk and single-cell RNAseq analyses indicated that TREM1 expression was significantly enriched in polymorphonuclear myeloid-derived suppressor cells (PMN-MDSCs) and M2-like macrophages, and correlated with downstream transcriptional targets of TREM-1 (IL8, IL-1B, IL6, MCP-1, SPP1, IL1RN, INHBA) which have been previously associated with pro-tumorigenic and immunosuppressive functions.



Conclusions

Together, these findings indicate that increased TREM1 expression is prognostic of inferior breast cancer outcomes and may contribute to myeloid-mediated breast cancer progression and immune suppression.





Keywords: TREM-1, tumor infiltrating myeloid cells, transcriptomics, immune signature, cytokines, breast cancer, immune suppression



Introduction

The clinical behavior of cancer can be influenced by the composition and functional orientation of pro- and anti-tumor immune mediators within the tumor microenvironment (TME) (1, 2). In the TME and nearby lymphoid structures, tumor-reactive immune cells that favor tumor destruction (ie, cytotoxic T cells (CTLs), Natural Killer (NK) cells, T-helper (Th) and dendritic cells (DC)) can act to slow cancer growth and spread, and contribute directly to favorable therapeutic responses. However, this protective immunity is frequently counter-balanced by suppressive immune cell populations, such as myeloid-derived suppressor cells (MDSCs), regulatory T-cells (TREGs) and tumor associated macrophages (TAMs) that favor immunosuppression and immune escape (2, 3). Furthermore, paracrine signaling cascades initiated by cytokines and growth factors produced by the latter cell types can also directly promote cancer cell growth, survival, and metastasis, thereby contributing directly to tumor progression (4).

Genome-wide gene expression profiling studies in solid tumors have provided context for understanding how complex multicellular immune interactions impact tumor aggressiveness (5–7). Recent reports by us and others have described immune gene signatures in breast tumors that comprise genes with specialized roles in immuno-biology, and that quantify the relative abundance and functional properties of distinct tumor-infiltrating leukocyte populations (8–12). Significantly, these immune gene signatures have been shown to correlate with patient survival outcomes (8, 13, 14), chemotherapy responsiveness (13, 15), and more recently, response to immunotherapies (16–18). Prognostic and therapy-predictive signatures identified to date constitute a diverse genetic fingerprint of innate and adaptive immunity, inclusive of B cells, T cells, DCs, CTLs, NK cells, macrophages, neutrophils, and mast cells (5, 6, 10, 19). Yet, what these signatures reveal about specific immune-regulatory mechanisms operative in the TME remains largely unknown.

In previous reports, we demonstrated that the significant associations between breast tumor immune subclasses (defined by effector immune gene signatures) and patient clinical outcomes was strongly dependent on cancer-intrinsic properties such as tumor proliferation rate and mutational burden (8, 14, 20), thereby implicating these phenotypes in immune-mediated breast cancer outcomes. These observations prompted us to use logistic regression to identify specific genes that may antagonize otherwise favorable immune-mediated outcomes, as such genes could hold promise as novel immunotherapeutic targets. Herein, we describe the discovery and characterization of one such candidate, the gene encoding Triggering Receptor Expressed on Myeloid Cells (TREM)-1, which emerged as a robust therapy-predictive and prognostic marker by unsupervised analyses in large expression profiling data sets. TREM1 encodes a type I transmembrane receptor of the Ig superfamily expressed by effectors of innate immunity including neutrophils, monocytes and macrophages. The TREM-1 receptor is known to augment inflammatory signaling in response to infectious pathogens by promoting release of cytokines that modulate the activation, recruitment and survival of myeloid and lymphoid cells (21, 22), yet its function in cancer remains unclear.

In this report, we provide the first evidence that TREM1 expression in breast tumors has negative prognostic and therapy-predictive implications for breast cancer patients, and that TREM1 expression is mediated predominantly by breast tumor-infiltrating myeloid cells that may constitute a cell population that antagonizes anti-tumor immunity. Our findings raise the possibility that the targeting of TREM-1 signaling in breast tumors may represent a viable immunotherapeutic strategy.



Materials and Methods


Gene Expression Datasets

Gene expression profiles of breast tumors and monocytes were obtained from MIAME-compliant studies (23) that followed Institutional Review Board (IRB)-approved protocols. The assembly, normalization and clinical annotation of the MDACC-701 gene expression dataset has been described previously (15). Briefly, this data set consists of Affymetrix U133A microarray gene expression profiles of 701 breast tumor biopsies (acquired prior to administration of neoadjuvant chemotherapy) and corresponding clinical drug response annotation. Compilation of normalized gene expression data and clinical annotations constituting the breast tumor meta-cohort #1 (MC1) data set has been described previously (8, 20). Briefly, the MC1 data set consists of 1,954 patient samples and corresponding clinical annotations. Expression data were generated using the U133 series GeneChip microarray platform (Affymetrix) containing 22,268 probe sets common to U133A, U133A2 and U133 PLUS 2.0 array platforms. MC1 represents independent cohorts from 16 medical centers in the United States, Europe and Asia. The meta-cohort #2 (MC2) data set includes 616 breast tumor expression profiles from patients in the United States, Asia, Europe and New Zealand. For both cohorts, raw data (CEL files) were downloaded from the NCBI’s Gene Expression Omnibus (GEO) data repository and processed as previously described (8, 20). MC1 and MC2 were analyzed on the same Affymetrix platform, and RMA-normalized and batch corrected using R software package from the Bioconductor project (8, 20). Molecular subtype calls were assigned to MC1 and MC2 cohorts according to Nagalla et al. (8). To identify gene expression changes downstream of TREM-1 activation, the Dower et al. gene expression dataset (24) comparing expression profiles of human peripheral blood monocytes with TREM-1 activation (induced by ligation with agonist antibody, n=11 patients) to those of matched control-treated monocytes (isotype antibody, n=11 patients) was analyzed. Affymetrix U133 PLUS 2.0 CEL files were downloaded from the GEO data repository (accession GSE9988) and RMA-normalized as described above. Differential expression analyses were conducted using Wilcoxon rank-sum test. Genes with Benjamini-Hochberg FDR-adjusted p-values < 0.01 were considered significant.



Tumor Immune Subclasses

FID, WID and PID (Favorable, Weak and Poor Immune Dispositions, respectively) are gene expression-based, tumor immune subclasses that reflect the continuum from immunologically “inflamed” (FID) to immune “cold” (PID) tumors (8, 20). The immune subclasses are based on the integration of scores for three distinct effector immune gene signatures, identified in a previous breast tumor study using the MC1 data set (8). These immune signatures reflect the relative abundance of tumor-infiltrating effector cells associated with cytolytic activity (T/NK signature; CD8+ T cells/NK cells), antigen presentation (M/D signature; myeloid/dendritic cells), and humoral immunity (B/P signature; B cells/plasma cells). Each immune signature is scored in tumors using the geometric mean of expression of a set of immune-specialized genes, and each signature was found to provide additive prognostic information in multivariable Cox regression models (8). Patients were assigned to immune subclasses as follows. For each of the three immune signatures, tumors were ranked into population tertiles according to their immune signature scores. Tumors with upper-tertile expression scores for all three signatures, simultaneously, are classified as FID; tumors with lowest-tertile expression scores for any one signature are classified as PID; and tumors with combined intermediate- and upper-tertile signature scores are classified as WID, as established previously (8, 20). Accordingly, patients with FID tumors were observed to experience significantly better distant metastasis-free survival than those with WID or PID tumors, while those with PID tumors experienced significantly worse survival than those with WID or FID tumors. In a similar vein, FID tumors (at biopsy) were found to exhibit a significantly higher rate of responsiveness to neoadjuvant chemotherapy as compared to WID or PID tumors, consistent with reports that breast tumors with elevated TIL at baseline show greater responsiveness to neoadjuvant chemotherapy (25, 26); while PID tumors showed a significantly poorer response to neoadjuvant treatment as compared to WID or FID tumors (15).



Analysis of Gene Interactions With Immune Subclasses and Chemotherapy Response

Logistic regression was used to identify genes with antagonistic interactions with the effect of FID, WID and PID immune subclasses on tumor response to neoadjuvant chemotherapy. The MDACC-701 data set was utilized, and the analysis was restricted to the most well detected genes defined as being the probe sets whose mean expression levels across tumors were greater than the median of the mean expression among genes (n=11,108 probe sets). Tumor response was defined as favorable (Pathologic Complete Response (pCR) or Residual Cancer Burden (RCB) score = 0 or 1) or unfavorable (RCB score = 2 or 3) as previously described for this data set (15). In the logistic regression model, covariates included tumor response (0, 1), immune subclass (FID, WID, PID), patient age (continuous) and expression profile of each microarray gene (MG, dichotomous (using median as cut point)), while the interaction between MG expression and immune subclass was defined as being the parameter of interest. The magnitude of an interaction was represented by the regression coefficient of the product term. The logistic regression was run in R, and a Wald test was used to evaluate the statistical significance of each coefficient in the model. The Wald test computes a Z statistic as the ratio of the square of the regression coefficient to the square of the standard error of the coefficient and then computes significance. The unadjusted significance of discovered genes ranged from P = 0.05 to P = 0.00005, and gene ontology enrichment analysis was used to identify significantly-associated biological processes in the top genes ranked by Z statistic (Z values ≤ -2.0).



Gene Ontology (GO) Term Enrichment

The DAVID Functional Annotation Tool (DAVID Bioinformatics Resources version 6.7, NIAID/NIH) (27) was used to study associations between gene sets and GO terms related to biological processes and pathways.



Survival Analyses

Molecular and clinical markers were analyzed as continuous or categorical variables for significant associations with DMFS by Cox proportional hazards regression (including multivariable models containing clinical and molecular covariates) and Kaplan-Meier analysis. GraphPad Prism, Sigmaplot 12.0 and the R package “survival” (v3.3-2) were used for these analyses, with DMFS endpoints defined as “no evidence of distant recurrence” (censored) or “clinical evidence of distant recurrence” (event), within 10 years of diagnosis.



Expression of TREM1-Associated Genes in Tissues and Various Cell Types

To compute tissue-specific gene enrichment scores, we used the procedure and data set described in Benita et al., (28) and the limma package of Bioconductor (29). Briefly, one compares each group to all others and computes the linear model coefficient for each pair, which is a measure of the difference between two groups. For each linear model coefficient, limma also computes an associated P value (Bonferroni-corrected P ≤ 0.05). Genes that are specific to one tissue subset will result in higher enrichment scores. Proportions of immune cell types in tumors of the MC1 data set were estimated from RNA transcripts according to the CIBERSORT method and the LM-22 gene matrix (547 genes that distinguish 22 human hematopoietic cell types) (19, 30). CIBERSORT employs a novel support vector regression (SVR) to deconvolve proportions of distinct cell types found within complex mixtures. The resultant cell proportion estimates were mean-centered and averaged within quartiles of TREM1 expression. The R package gplots was used to visualize the cell proportion averages by heat map (31, 32). Cell proportion estimates were analyzed by Spearman’s rank-ordered correlation for significant associations with TREM1 expression. TREM1 expression in The Cancer Genome Atlas (TCGA)-breast cancer (BRCA) database was analyzed by TIMER (cistrome.org/TIMER/) (33) for significant correlations between TREM1, downstream target genes and markers of myeloid cell populations. The whole dataset (Breast Invasive Carcinoma; n = 1,093) and the Basal-like tumors (BRCA-Basal; n = 139) were utilized.



Histological Analysis of TREM-1 and CD68 in Breast Tumor Specimens

Human breast tumor tissue microarrays consisting of a variety of invasive ductal and lobular carcinomas were fabricated in-house by the Wake Forest Baptist Comprehensive Cancer Center’s Tumor Tissue and Pathology Shared Resource and used in immunofluorescence staining studies as follows. Formalin-fixed paraffin-embedded (FFPE) sections (5 μm) on slides were deparaffinized, antigen retrieved with sodium citrate method, blocked with 2.5% heat-inactivated horse serum, and incubated with polyclonal goat anti-TREM-1 antibody (ab) (1:50; R&D systems #AF1278) and mouse anti-CD68 (pan-myeloid) monoclonal ab (1:100; DAKO #2015-08, Clone KP1) in a humid chamber overnight at 4°C. After washing with PBS-T (PBS with 0.05% Tween-20), sections were incubated with rabbit anti-goat-Alexa 546 (1:200; Invitrogen) and goat anti-mouse Alexa 488 (1:250; Invitrogen) for 2 hours at room temperature in a humid chamber. After rinsing with PBS-T, sections were stained with DAPI or DRAQ5 (1:1000, 5μM, Cell Signaling) for 30 min, rinsed and mounted in Prolong anti-fade (Invitrogen) or FluoroShield (Sigma). Negative control and isotype matched mouse IgG1 (DAKO # 2015-07) were used to confirm staining specificity. Slides were imaged on an Olympus VS-110 Virtual Microscopy System at the Wake Forest School of Medicine Virtual Microscopy Core Facility.



Single-Cell RNAseq Analysis

Remnant surgical tissue from an AJCC stage III triple negative invasive ductal carcinoma resected at Wake Forest Baptist Medical Center (WFBMC) in Winston Salem, NC, was accessed via Wake Forest University Health Sciences Institutional Review Board protocol IRB00048977. Fresh tumor tissue was minced by razor blade into ~1 mm pieces and digested for 1 hr at 37°C with Human Dissociation Kit (Miltenyi Biotec, Auburn, CA) as per manufacturer’s instruction with the aid of gentleMACS Octo Dissociator fitted with heating collar (Miltenyi Biotec). Digested tissue was passed through a 70 µm strainer, washed and resuspended in RPMI plus 10% fetal bovine serum (FBS), then underlaid with Histopaque-1077 (Sigma-Aldrich) and centrifuged at 400 x g for 30 min. The resulting buffy coat was harvested and washed in RPMI plus 10% FBS, resuspended in the same media, and counted. Approximately 1 million cells were frozen in 90% FBS/10% DMSO. A single-cell cDNA library was generated from thawed cells exhibiting >80% viability using the 10X Genomics Chromium Controller (34) maintained by the Wake Forest Baptist Comprehensive Cancer Center’s Cancer Genomics Shared Resource. Indexed libraries were paired-end sequenced using an Illumina NextSeq 500 at an average read depth of 173,842 mapped reads per cell (n = 770 cells). Raw bcl and fastq data were demultiplexed, mapped to the GRCh38 human reference genome, and post-processed using Cell Ranger (10X Genomics) mkfastq pipelines and QC algorithms. Processed data files have been deposited in the Gene Expression Omnibus (GEO; www.ncbi.nlm. nih.gov/geo/) and can be accessed through GEO Series accession number GSE188600. Cells that expressed less than 400 genes or that contained mitochondrial reads comprising >20% of their total count of unique molecular identifiers were excluded. T-distributed stochastic neighbor embedding (t-SNE) (35) was used to reduce data dimensionality and cluster cells based on gene expression patterns. In accordance with the Cell Ranger R software, the statistical significance of genes differentially expressed between cell clusters or identified cell populations was assessed by negative binomial exact test [for genes with low counts, based on sSeq method (36)] and fast asymptotic beta test [for genes with high counts, edgeR method (37)]. Genes with Benjamini-Hochberg FDR-adjusted p-values < 0.01 were considered significant. A linear normalized expression value threshold > 0 was used to identify cells positive for TREM1 expression or expression of other marker genes studied.

In parallel, we analyzed a publicly available single cell RNAseq dataset (the Bassez et al. dataset) that profiled 175,942 cells from 31 treatment-naïve primary breast tumors (European Genome-phenome Archive (EGA) accession no. EGAS00001004809). Consistent with the analysis of the TNBC specimen from WFBMC, this study also utilized the 10X Genomics Chromium system for single cell library production, followed by Illumina sequencing (NextSeq 500 and NovaSeq 6000 platforms), and utilized Cell Ranger data processing workflows and similar quality control filters for cell selection (38). Analysis of the Bassez et al. dataset was facilitated by the BioTuring BBrowser and associated analytical tools (39) and the Seurat v3 R toolkit (40).




Results


TREM1 Expression Antagonizes Favorable Immune-Associated Chemotherapy Responses

To identify genes with potential to antagonize anti-tumor immunity, we investigated breast tumor immune subclasses predictive of neoadjuvant chemotherapy response. Previous studies have shown that the abundance of tumor infiltrating lymphocytes in breast tumors is predictive of chemotherapy response in the neoadjuvant setting (41, 42). In earlier studies we identified three breast tumor immune gene signatures that reflect the relative abundance of tumor-infiltrating effector cell populations associated with cytolytic activity (T/NK signature), antigen presentation (M/D signature) and humoral immunity (B/P signature), each with independent prognostic power (8). These signatures allowed discernment of three tumor immune subclasses, termed FID, WID and PID (i.e., Favorable, Weak and Poor Immune Dispositions, respectively), that reflect the continuum from immunologically “inflamed” (FID) to immune “cold” (PID) tumors (see Materials and Methods). These subclasses were reported previously to differ significantly in terms of patient survival (8, 14, 20) and response to neoadjuvant chemotherapy (15) with FID tumors associating with more favorable clinical outcomes as compared to PID tumors, consistent with protective anti-tumor immunity being associated with FID status. To discover genes expressed in the TME that antagonize immune-mediated protective effects, we utilized a retrospective microarray dataset, MDACC-701 (15), consisting of 701 breast tumor expression profiles from core or needle biopsies taken from patients prior to neoadjuvant chemotherapy. In this data set, the FID immune subclass was found to identify patients with a significantly higher chemotherapy response rate as compared to WID or PID tumors. Using logistic regression (see Materials and Methods), we ranked genes from the MDACC-701 dataset based on the magnitude of antagonistic interaction, where higher gene expression in the FID immune subclass tumors was associated with a decrease in favorable chemotherapy response. Ranking genes by Z statistic, we identified 195 genes (207 probe sets) with interaction Z values ≤ -2.0 (see Supplemental Table 1), and analyzed these genes for significant enrichment of Gene Ontology (GO) terms. The one significant biological process identified was Neutrophil Chemotaxis (univariate P = 5.8x10-5, Benjamini-Hochberg adjusted P = 0.06) which was supported by 7 genes. Among these genes, the most significant by Z statistic was TREM1 [ranked #6 overall for negative Z value (Z = -3.3, P = 0.001, Wald test)]. Moreover, included among the seven genes were the two well-characterized TREM-1 target genes, IL1B and CXCL8 (IL8), both of which showed a highly significant positive correlation with TREM1 expression in the MDACC-701 dataset (Pearson and Spearman correlations >0.6; see Supplemental Figure 1).

TREM-1 is a type-1 cell surface receptor expressed on cells of myeloid origin that triggers the transcriptional activation of numerous cytokines and chemokines in response to inflammatory signals, such as pathogen- and damage-associated molecular patterns (43). Moreover, TREM-1 was recently shown to inhibit anti-tumor immunity in a model of hepatocellular carcinoma (44). To further examine the relationship between TREM1 expression and the therapy-predictive power of the immune subclasses, we stratified patients first according to subclass (FID, WID or PID), and then according to low or high TREM1 expression (Figure 1A). We observed that the higher frequency of favorable response in FID tumors was dependent on low TREM1 expression. Specifically, the frequency of favorable response was 1.9-fold higher in TREM1-low FID tumors as compared to TREM1-high FID tumors (P = 0.005, Chi-square test), while no difference in response was observed among WID or PID tumors in the context of TREM1 low or high status (Figure 1B).




Figure 1 | High TREM1 expression in breast tumor biopsies associates with reduced efficacy of neoadjuvant chemotherapy in tumors with high effector immune infiltrates. The breast tumor biopsy expression profiling data set of Alistar et al. (15) was used to evaluate interactions between TREM1 expression and neoadjuvant chemotherapy response within immune subclasses. (A) Heatmap of the genes comprising the T/NK (T cell/NK cell), B/P (B-cell/Plasma cell), and M/D (Myeloid/Dendritic cell) gene signatures are shown for tumors classified into the FID, WID and PID immune subclasses (see Materials and Methods for additional details). Tumor response to neoadjuvant chemotherapy (1 = responder, 0 = nonresponder) and tumor TREM1 expression level (Low = below median, High = above median) are indicated beneath the heatmap. (B) The fraction of chemotherapy-responsive tumors (Y-axis) is shown for each immune subclass as a function of low or high TREM1 (X-axis). Chemotherapy response rates were compared across immune subclasses (within low or high TREM1 groups) and within immune subclasses (across low and high TREM1 groups) by Chi-square test with Yates correction. Only the FID subclass exhibited a difference in chemotherapy response across TREM1 low and high tumors (P = 0.005).





High TREM1 Expression Predicts Inferior Distant Metastasis-Free Survival (DMFS)

To examine the association between TREM1 expression and patient prognosis, we utilized a multi-institutional data set (Meta-Cohort 1 (MC1)) consisting of 1,954 breast tumor expression profiles characterized on the Affymetrix U133 platform and annotated for distant metastasis-free survival, molecular subtype, and other clinical and demographic features (8, 45). First, we subdivided the MC1 cohort into two evaluation cohorts (termed 977A and 977B, respectively) by randomizing the tumor expression profiles equally into two cohorts. Cox regression analysis was performed for each gene and within each evaluation cohort to identify genes with significant associations with DMFS. Genes significantly associated with DMFS (P < 0.1, Benjamini-Hochberg) in 977A (n = 3,094) and 977B (n = 3,304) were then used as input for hierarchical clustering of samples and genes (Supplemental Figures 2A, B). Previously reported prognostic gene clusters were identified, including a cluster of inferior outcome-associated, proliferation-related genes that mirror cancer proliferative capacity (8) and several correlated clusters of immune-specialized genes that reflect infiltrating B cells, T cells and dendritic cells and associate with good survival outcomes (8). TREM1 was found to be significantly inversely associated with DMFS in both 977A and 977B, and reproducibly clustered together with a set of co-expressed inferior outcome-associated genes enriched for myeloid cell functions including SPP1, IL8 (CXCL8), INHBA, GREM1, PLAU, PLAUR, AQP9, ADM, HPSE, and CTSL1. Among the genes of this cluster, TREM1 was found to have the most statistically significant association with inferior DMFS in both the 977A and 977B data sets (P = 5.3x10-6 and P = 1.6x10-4, respectively) (Supplemental Figure 2C). To further study this association, patients from the full MC1 cohort were stratified into quartiles based on TREM1 expression levels, and the quartiles were examined by Kaplan-Meier analysis. Patients whose tumors ranked in the highest quartile of TREM1 (Q4) experienced poorer DMFS as compared to those ranked in lower quartiles (P = 2.5x10-11, log-rank test), with progressively worse DMFS observed for each increment of TREM1 quartile (Figure 2A). This observation was reproducible in an independent breast cancer data set, Meta-Cohort 2 (MC2), consisting of 616 patients whose tumors were also profiled on the Affymetrix U133 platform (8, 20) (P = 3.1x10-03; Figure 2B). Analysis of molecular subtypes showed that the highest quartile of TREM1 expression (Q4) contained proportionally more Basal-like, Claudin-low and HER2E tumors, and fewer Luminal A (LumA) and Normal-like tumors, as compared to the lowest quartile (Q1) (Figures 2C, D). However, TREM1 expression distributions only showed moderate variation between different molecular subtypes, with decreased expression of TREM1 observed in LumA and Normal-like tumors, in particular (Figures 2E, F). Notably, we observed that TREM1 expression associated with poorer DMFS within certain clinical and molecular subtypes. By univariate Cox regression analysis (Table 1), TREM1 was associated with DMFS in both estrogen receptor positive (ER+) and negative (ER-) breast cancers, as well as lymph node positive (LN+) and negative (LN-) disease. Within molecular subtypes, TREM1 levels showed significant associations with DMFS in Basal-like, Luminal B (LumB) and Luminal A (LumA) tumor subtypes. We further examined the prognostic relevance of TREM1 by adjusting for conventional variables in multivariable Cox models (Table 2). As a continuous variable, TREM1 expression was associated with poorer DMFS, univariately (P = 1.9x10-13), as well as in the multivariable model (P = 3.2x10-05), where it remained significant in the presence of molecular subtype, immune subclass, histologic grade, tumor size, lymph node status, ER status, patient age, and treatment status.




Figure 2 | High TREM1 is associated with greater risk of distant metastasis in two independent meta-cohorts. (A, B) Kaplan-Meier survival analysis of patients according to TREM1 expression quartiles in (A) the MC1 cohort and (B) the MC2 cohort. Proportions of molecular subtypes within TREM1 quartiles are shown for (C) the MC1 cohort and (D) the MC2 cohort. Box plots of TREM1 expression distributions within molecular subtypes are shown for (E) the MC1 cohort and (F) the MC2 cohort.




Table 1 | Cox proportional hazards regression analysis of TREM1 in clinical and molecular subtypes of the MC1 cohort.




Table 2 | Cox proportional hazards regression analysis for associations with distant metastasis-free survival.





TREM1 Expression Antagonizes Immune-Dependent DMFS

We hypothesized that the negative association between TREM1 expression and DMFS may reflect, in part, TREM-1-related immunoregulatory signaling that antagonizes favorable immune-mediated outcomes. In previous work, we showed that the FID, WID and PID immune subclasses exhibited a reproducible significant prognostic stratification in breast tumors classified as immune benefit-enabled (IBE), consisting mostly of highly proliferative Basal-like, HER2-enriched and Luminal B subtypes, but not in immune benefit-disabled (IBD) tumors defined by a reduced proliferative phenotype (20). Using the CIBERSORT algorithm (19) which deconvolves gene expression profiles from complex cellular mixtures and estimates the relative proportions of 22 different leukocyte types, we investigated the prognostic significance of TREM1 in the context of the estimated proportions of CD8+ T cells in IBD and IBE breast tumors (Figure 3). CD8+ T cell scores were used to stratify the MC1 cohort into CD8+ T cell quartiles (Q1=lowest quartile, Q4=highest quartile). While higher quartiles of CD8+ T cells associated with improved DMFS in IBE tumors (P = 0.0002) (Figures 3A, B), the prognostic power of TREM1 was most significant in IBE CD8+ T cell-High tumors (defined as quartiles 3 and 4 combined; P = 0.0002) as compared to CD8+ T cell-Low tumors (defined as quartiles 1 and 2 combined; P = 0.58) (Figures 3C, D), with TREM1-Low tumors exhibiting a more favorable DMFS. This observation is consistent with a possible role for TREM-1 in attenuating protective T cell-mediated immunity in breast cancer.




Figure 3 | The association between high TREM1 and increased metastatic risk is most significant in immunogenic tumors with DMFS-protective high CD8+ T cell infiltrates. The prognostic relevance of TREM1 expression was examined in (A) poorly immunogenic tumors of the MC1 cohort with low proliferative capacity [classified previously as immune benefit-disabled (IBD) (20)], and (B) moderate to highly immunogenic tumors of the MC1 cohort with high proliferative capacity [classified previously as immune benefit-enabled (IBE) (20)]. Patients were stratified into DMFS survival curves based on the relative magnitude of tumor-infiltrating CD8+ T cells (CD8) estimated by the CIBERSORT algorithm (19). Q1, lowest CD8 quartile (black); Q2 and Q3, intermediate CD8 quartiles (red and blue); Q4, highest CD8 quartile (green). (C, D) Survival rates of patients with low (below-median) versus high (above-median) TREM1 expression were compared in the context of low versus high CD8+ T cell fraction estimates. The most significant difference was observed in IBE tumors. TREM1 expression level was not significantly associated with DMFS in IBE CD8-low tumors (C), but showed marked significance in IBE CD8-high tumors (D), where high TREM1 expression was significantly associated with increased risk of distant metastasis.





TREM1 Expression in the TME Is Associated With a Myeloid Phenotype

To determine the cellular source of TREM1 expression, we first analyzed the expression patterns of TREM1 and the genes comprising the TREM1-associated gene cluster observed in breast tumors using the Gene Enrichment Profiler tool (28), which measures tissue-specific gene enrichment in 126 normal human cell subsets and tissues. This analysis showed that in non-malignant tissues, TREM1 is highly enriched in macrophages and neutrophils (Supplemental Figure 3), consistent with previous reports (46, 47). Similarly, a number of genes comprising the TREM1-associated gene cluster that we identified by hierarchical clustering (ie, SPP1, PLAUR, AQP9, IL8 (CXCL8), ADM, UPP1, and INHBA) were also highly enriched in myeloid cells, and in lipopolysaccharide (LPS)-stimulated macrophages, in particular (Supplemental Figure 3), suggesting a common myeloid origin for TREM1 and this gene expression cassette. In parallel, we investigated TREM-1 expression directly by immunofluorescence staining using a breast tumor tissue microarray consisting of >40 invasive ductal and lobular carcinomas positive or negative for the clinical markers ER, PGR and HER-2. Across tumor types, the predominant TREM-1 staining pattern observed was moderate to strong TREM-1 staining in a fraction of tumor-infiltrating myeloid cells that co-expressed CD68, with negative staining in tumor cells (pattern P-1, Figure 6A). In some instances we observed only CD68-positive cells negative for TREM-1 staining, which coincided with malignant (and normal) epithelium also negative for TREM-1 (P2). In more rare instances we observed TREM-1 staining in non-myeloid cells of tumors (P3), such as moderate TREM-1 staining in cancer cells (n=2), or moderate to high TREM1 staining in cells morphologically consistent with cancer-associated fibroblasts (n=3). To further investigate the relationship between TREM1 and tumor infiltrating immune cells, we used the CIBERSORT algorithm to study the relationship between immune cell abundance estimates and TREM1 expression quartiles in the MC1 cohort. As shown in Figure 4, a number of immune cell types showed marked proportional differences across TREM1 expression quartiles. In the highest TREM1 quartile (Q4), we observed significant enrichment of neutrophils, macrophages (M0 and M2, but not M1), mast cells (activated, but not resting) and dendritic cells (activated). By contrast, significant depletion in TREM1 Q4 was observed for CD8+ T cells, monocytes, follicular helper T cells, mast cells (resting), dendritic cells (resting) and plasma and memory B cells. These observations are consistent with a positive correlation between high TREM1 expression, increasing proportions of immunosuppressive myeloid cell types (M2 macrophages, neutrophils and mast cells) and decreasing proportions of anti-tumor effector cells (CD8+ T cells and follicular helper T cells).




Figure 4 | Associations between TREM1 expression quartiles and abundance of leukocyte populations in breast tumors. For each tumor of the MC1 cohort, a CIBERSORT estimate of relative immune cell proportion was computed for each of 22 immune cell types. Heat map values represent the mean CIBERSORT immune cell proportions for each quartile of TREM1 expression (mean-centered). Red color, high average cell proportion; green color, low average cell proportion. For cell types where cell abundance correlates positively or negatively with TREM1 expression quartiles, Spearman correlation p-values are shown. *P < 0.05; **P < 0.01; ***P < 0.001.



Next, we examined the TCGA breast cancer (BRCA) RNAseq data set for TREM1 correlations with known target genes (Figure 5A) and myeloid markers (Figure 5B). Side-by-side analyses were conducted for the set of all breast tumors, and for the basal-like breast tumors, alone, since they showed the highest average expression of TREM-1 as compared to other subtypes in the MC1 and MC2 cohorts. Significant positive correlations were identified between intratumoral TREM1 expression and downstream TREM-1 target genes that encode cytokines with direct roles in the recruitment and activation of pro-tumorigenic myeloid cells (IL1B, IL8, IL6, MCP-1/CCL2), as well as markers of pro-tumorigenic myeloid cells including CD11B/ITGAM (a general MDSC marker), CD14 [marker for monocytic (M)-MDSCs (48)], OLR1 [marker for PMN-MDSC (49)] and CD206/MRC1 (M2 macrophage marker).




Figure 5 | TREM1 correlates with expression of TREM-1-inducible cytokines and markers of tumor-associated myeloid cell populations. The Tumor Immune Estimation Resource (TIMER) (33) was used to analyze gene expression correlations between TREM1 and (A) its cognate cytokines and (B) markers of MDSCs and M2 macrophages. Correlations were analyzed in tumor populations representing all TCGA breast cancer (BCa) cases (n = 1,093) or the Basal-like/TNBC cases (n = 139) only. Spearman’s correlation coefficient (rho) and P-value are shown.





Single-Cell RNA Sequencing Verifies TREM-1 Signaling and Association With MDSC and TAM Compartments in Breast Tumors

To more precisely characterize TREM1 expression in the breast tumor microenvironment, we profiled 770 cells from a fresh surgical TNBC specimen by single-cell (sc) RNAseq. Of 8 cell types identified by clustering (Figures 6B, C), prevalent and high-level TREM1 expression was observed in the myeloid cell population (n=301 cells), while low-level TREM1 was observed sparsely in tumor cells and T cells (Figure 6D, left panel). Notably, TREM1 expression overlapped sharply with markers of M2 macrophages (MRC1/CD206) and polymorphonuclear (PMN)-MDSCs (OLR1) (Figure 6D). To substantiate these findings, we analyzed a large publicly available scRNAseq dataset that profiled 175,942 cells from 31 breast tumors biopsied prior to treatment (38). Consistent with the initial scRNAseq and TREM-1 IF staining analyses, the prevalence and level of TREM1 expression in the Bassez et al. dataset was greatest in the myeloid compartment, with sparse expression observed in other cell types, including cancer cells and fibroblasts, and to a lesser extent, B cells and endothelial cells (Figures 7A, B). Similar TREM1 expression patterns were observed among cell types grouped by tumor subtype (TNBC, n=13; ER+, n=15; HER2+ (ER+/-), n=3) (Supplemental Figure 4), and within tumors of individual patients (Supplemental Figure 5), confirming that TREM1 expression in breast cancer is a predominantly myeloid phenomenon. Within the myeloid compartment (n=16,485 cells), TREM1 was significantly overexpressed in cells positive for expression of OLR1 or MRC1 expression, as compared to cells negative for marker expression, respectively (Figure 7C; P<0.0001, both comparisons), consistent with our initial observations in the TNBC specimen (Figure 6), as well as the positive correlations observed between TREM1 and OLR1 and MRC1 in the TCGA cohort (Figure 5).




Figure 6 | Characterization of TREM1 expression in the breast tumor microenvironment by IF and single-cell RNAseq. (A) Representative patterns (P) of TREM-1 (red) and CD68 (green) immunofluorescent staining in breast tumor sections. DRAQ5-stained nuclei are shown in blue pseudocolor. (B) Single-cell RNA sequencing was performed on freshly dissociated cells of a stage III primary triple negative breast tumor. Expression profiles of 770 cells were K-means clustered and resolved spatially in a tSNE plot. (C) Cell identities in (B) were assigned based on significant expression of canonical marker genes. Mean-centered averages of cluster-specific gene expression are shown in the heatmap. (D) Relative expression levels of TREM1, CD68, MRC1 (M2 macrophage marker) and OLR1 (MDSC marker) are shown.






Figure 7 | Single cell analysis of TREM1 and correlated genes in a breast tumor panel. (A) Shown are tSNE plots derived from the Bassez et al. single cell RNAseq data for 175,942 cells from 31 primary breast tumors comprising TNBC (n = 13), ER+ (n = 15) and HER2+/ER+/- (n = 3) subtypes. Plots are shown for nonmalignant cells (upper panels) and cancer cells (lower panels). The magnitude of TREM1 expression across cell populations is illustrated spatially (right panels), and in (B) violin plots across cell types. Horizontal tick marks denote individual cell measurements. (C) TREM1 expression is compared between myeloid cells grouped according to positive or negative expression of OLR1 (MDSC marker, left panel) or MRC1 (M2 TAM marker, right panel). ***P < 0.001. Volcano plots of genes differentially expressed between myeloid cells positive or negative for TREM1expression are shown for (D) the WFBMC TNBC specimen [204 genes differentially expressed between TREM1+ cells (n=123) and TREM1– cells (n = 178)], and (E) the set of 31 breast tumors of Bassez et al. [3,223 genes differentially expressed between TREM1+ cells (n = 3,333) and TREM1– cells (n = 13,152)]. (F) Volcano plot of genes differentially expressed between TREM-1-activated (agonist Ab-treated) and control (isotype Ab-treated) human blood monocytes of Dower et al. [2,010 genes differentially expressed between treated samples (n = 11) and control samples (n = 11)] (24). (G) Heatmap of average gene expression levels of TREM1 and select target genes in myeloid, cancer, and fibroblast cell populations of individual tumors. Tumor samples (columns) are ranked left to right (descending order) according to the percentage of TREM1-expressing cells in the myeloid compartment.



To gain insight into the transcriptional programming downstream of TREM-1, we performed differential expression analysis in the myeloid cell population differentiated by TREM1 expression (positive vs. negative). First, we observed a number of significantly differentially expressed genes that were reproducibly identified between the TNBC specimen dataset and that of Bassez et al. (Figures 7D, E). Cross-referencing these genes with genes previously identified by Dower and colleagues (24) as being significantly induced by TREM-1-specific activation in human monocytes isolated from peripheral blood (Figure 7F), resulted in a list of confirmed transcriptional targets robustly overexpressed in the TREM1+ cells of the breast cancer TME. Among these genes were known targets of TREM-1 signaling with pro-inflammatory functions (IL1B, CCL7, CXCL3) and known targets with anti-inflammatory or mixed pro- and anti-inflammatory functions (IL1RN, INHBA, IL6, IL8, CCL2). Also identified in the TREM1+ positive myeloid cells of the breast tumors were genes shown by Dower et al. to be uniquely upregulated in monocytes by TREM-1-specific activation (by agonist antibody ligation) but not by LPS stimulation, including MMP19, IL1RN, PLAUR, CCL7 and SPP1. Notably, SLC11A1 and SPP1 were among the top-most differentially expressed genes in all three datasets. Finally, in tumor myeloid cells negative for TREM1 expression, we observed consistently higher expression of MHC class II antigen-presenting genes (HLA-DRA, HLA-DRB1, HLA-DMB, HLA-DPA1, HLA-DQA1) and the Th1-associated chemokine, CXCL9. However, these genes were not observed to be down-regulated by TREM-1 activation in the Dower et al. study, suggesting they represent a phenotype of non-TREM1 expressing cells in the breast TME. Of note, genes encoding canonical immunosuppressive factors such as TGF-β (TGFB1), IL-10 (IL10) and PD-L1 (CD274) were not consistently differentially expressed in our analyses; although IL10 and CD274 were moderately associated with TREM1 expression (Figure 7D) or activation (Figure 7F), respectively, these observations lacked reproducibility across datasets.

Next, we assembled a TREM-1 target gene panel comprising genes significantly induced by TREM-1 activation (in Figure 7F) and associated with intratumoral TREM1+ myeloid cells (in Figure 7E) to serve as an estimator of TREM-1 signaling output in different cell and tumor populations.

Where TREM1 expression was significantly higher in OLR1+ or MRC1+ cells as compared to cells negative for OLR1 or MRC1 expression (Figure 7C), the TREM-1 target genes also exhibited a simultaneous increase in frequency and magnitude of expression in the OLR1+ or MRC1+ cell compartments (Supplemental Figure 6), consistent with heightened TREM-1 signaling in these populations. We next used the target gene panel to profile individual tumors and major cell types expressing TREM1, including myeloid cells, cancer cells and fibroblasts (Figure 7G). By ranking tumor samples (columns) on TREM1 expression frequency in the myeloid compartment, a clear correlation was observed between the percentage of TREM1-expressing myeloid cells and the frequency and magnitude of expression of the target genes. Moreover, we observed that myeloid TREM1 frequency also associated with clinical breast cancer subtype (TNBC, ER+, HER2+), whereby an overall difference in rank of the percentage of TREM1-expressing cells was significant (P=0.03, three-group Kruskal-Wallis test). This difference in rank was also significant for the TNBC and ER+ subtypes alone (P=0.007, two-group comparison), where higher TREM1 frequency associated with TNBC status while lower TREM1 frequency associated with ER-positive tumor status. Notably, this observation was consistent with our findings in the MC1 and MC2 cohorts where TREM1 expression by bulk tumor analysis was higher in basal-like tumors as compared to luminal tumors (Figures 2C–F). Across individual tumors, we examined the frequencies and expression levels of TREM1 and its target genes in cancer cells and fibroblasts (Figure 7G) where sparse, yet moderate to high TREM1 expression could be detected in some cells (Figure 7B). In contrast to myeloid cells, neither the cancer cell nor fibroblast compartments showed high frequency TREM1 expression in individual tumors or coordinated expression of target genes. Similar results were observed for the B cell and endothelial compartments (data not shown). Together, these findings suggest that TREM-1 signaling is frequently operative in breast cancer, and that myeloid cells are the predominant source of TREM-1 signaling in the TME.

Finally, we investigated the relationships between TREM1 myeloid expression and the expression of other myeloid receptors related to TREM-1 activation and function. Historically, TREM-1 signaling has been widely studied in the context of lipopolysaccharide (LPS)-induced Toll-like receptor (TLR) signaling in innate immunity, where TLR activation via PAMP/DAMP-sensing can potently induce the expression and activation of TREM-1 in a pro-inflammatory amplification loop (21). In the Bassez et al. breast tumor myeloid cells, the expression of 5 TLR genes (TLR1, TLR2, TLR4, TLR7 and TLR8) were detected in >10% of cells and at moderate to high expression levels. Upon comparing TREM1 expression levels between myeloid cells positive or negative for TLR expression (Supplemental Figure 7A), no TLRs exhibited a substantial positive association with TREM1 expression, suggesting that TLRs are not major determinants of TREM1 expression in the breast TME. The TREM-2 receptor is a TREM family member with strong homology to TREM-1, known for its various roles in anti-inflammatory signaling (50) which may antagonize TREM-1 activity (51). Like TREM-1, TREM-2 also requires binding to the DAP12 adaptor protein to mediate signal transduction (52), thus potentially competing with TREM-1 in the presence of activating signals. TREM2 expression was observed in approximately one-third of breast tumor myeloid cells, but with no significant association with TREM1 expression (Supplemental Figure 7B). Moreover, in myeloid cells either positive or negative for TREM2, TREM1+ cells were consistently associated with greater frequency and magnitude of expression of the TREM-1 target genes (Supplemental Figure 7C) consistent with TREM-1 activation occurring independent of TREM-2 status. Together, these findings suggest that neither TLRs nor TREM-2 substantially influence TREM1 expression characteristics in the breast TME.




Discussion

During acute inflammation, myeloid TREM-1 signaling stimulates production of cytokines and other factors that drive the expansion and survival of myeloid and lymphoid cells involved in pathogen clearance (21, 22, 53–55). This potent, but typically short-lived inflammatory response has been associated with M1 polarization and initiation of Th1 immunity (56, 57). However, in chronic infection and cancer, persistent activation signals and unresolved inflammation drive the production and accumulation of MDSCs with immunosuppressive properties (58, 59). Under such conditions, TREM-1 function is poorly understood.

Historically, TREM-1 signaling has been widely studied in the context of lipopolysaccharide (LPS)-induced TLR signaling, where TLR activation leads to dual TLR/TREM-1 signaling and subsequent M1-like polarization (24). Dower and colleagues investigated the cellular consequences of TREM-1 activation in human monocytes (24). They compared gene expression profiles of TREM-1-specific activation, where TREM-1 was activated by ligation with a TREM-1-specific agonist antibody (αTREM-1), to that of LPS-induced TLR/TREM-1 signaling, or the combination of the two. While the treatments similarly induced expression of certain TREM-1 cytokines, the authors noted that where LPS/TLR signaling showed bias toward expression of M1 markers, TREM-1-specific activation (without LPS) induced expression of TNFSF14 (M2 marker) and PPARG (required for M2 maturation) consistent with an alternative form of activation. Further, the authors noted that TREM-1 hyperactivation strongly repressed expression and secretion of IL-12 which was otherwise strongly induced by LPS/TLR activation. IL-12 is an M1 cytokine and potent promoter of anti-tumor immunity (60). Thus, the authors concluded that while LPS-induced TLR/TREM-1 signaling promotes the classical M1 phenotype, TREM-1-specific activation imparts a skewed phenotype with immunoregulatory properties. TREM-1-specific activation is believed to occur through direct binding of TREM-1 with its known ligands, HMGB1 and PGLYRP1 (43). Notably, many cancers types are known to express HMGB1 (61), including breast cancers (62, 63), suggesting TREM-1 hyperactivation could be a common feature of the tumor microenvironment.

To date, only a handful of studies have investigated roles for TREM-1 in cancer. In non-small cell lung cancer (NSCLC) and hepatocellular carcinoma (HCC), TREM-1 protein levels significantly correlate with poorer overall and disease-free survival (64, 65). In NSCLC, TREM-1 expression in tumors was restricted to tumor-infiltrating CD68+ myeloid cells (64), yet soluble TREM-1 in serum was also reported to have prognostic significance (66). In glioblastoma, a hypoxia-inducible inflammatory gene signature inclusive of myeloid-derived TREM1 and IL8 expression was significantly associated with poorer overall survival of patients (67). Similarly, in colorectal cancer (CRC), a risk score based on 19 genes transcriptionally regulated by TREM-1 and/or CTGF activation was found to be an independent risk factor for cancer recurrence and a significant prognostic indicator that may associate with reduced response to adjuvant chemotherapy (68).

In this report, we present first evidence that high TREM1 expression in breast tumors is associated with inferior clinical outcomes of patients. TREM1 expression in breast tumors was predominantly associated with the tumor-infiltrating myeloid compartment, and while TREM1 was observed in all breast cancer subtypes, it was expressed to a higher degree in the non-luminal Basal-like and HER2E subtypes, suggesting that yet unknown molecular properties of these tumors may be more conducive to TREM-1 expression and downstream activation. Higher TREM1 expression was robustly associated with worse distant metastasis-free survival in both ER-negative (basal-like) and ER-positive (Luminal A/B) breast cancers. In the presence of conventional prognostic markers, TREM1 expression remained significantly associated with DMFS, indicating that TREM1 contributes additive prognostic information not captured by conventional variables.

We also observed evidence that TREM1’s inferior outcome association in breast cancer may depend, in part, on an otherwise favorable immunological context. Previously described FID tumors are defined by the heightened expression of immune genes that reflect abundant effector cell infiltrates and equate with significantly better chemotherapy response and recurrence-free survival as compared to WID and PID tumors (8, 14, 20). Here, we found that the therapy-predictive power of TREM1 was most prominent in the FID subclass, as evidenced by the significant relationship between low TREM1 expression and a 1.9-fold increase in the relative frequency of response to neoadjuvant chemotherapy as compared to FID tumors with high TREM1 expression. Similarly, we observed that high TREM1 expression associated with inferior DMFS, and that this association was most prominent in breast tumors that otherwise exhibited a survival advantage in the context of high CD8+ T cell infiltration (as estimated by CIBERSORT). These observations are consistent with a model where TREM1 expression reflects a pro-tumorigenic biology that, in part, antagonizes immune effector cell-mediated cancer control.

TREM-1 is known to signal through its signaling partner DAP12, which transactivates expression of numerous cytokines that chiefly include IL-1β, IL-6, IL-8, MCP-1/CCL2, M-CSF, and TNF-α (21). These cytokines comprise the inflammatory effectors of TREM-1 responsible for the pathological effects of TREM-1 signaling described in septic shock, rheumatoid arthritis, atherosclerosis, myocardial infarction, inflammatory bowel disease and retinal neovascular disorders (43, 69). Strikingly, these same cytokines overlap extensively with those required for the function and trafficking of MDSCs in cancer. In breast and other cancer types, MDSCs promote cancer cell growth, suppress anti-tumor immunity and antagonize immunotherapy responsiveness (70–72). MDSCs are recruited to tumors by the TREM-1 related cytokines IL-8, IL-6 and MCP-1/CCL2 (73–75). In the TME, IL-1β, IL-6, TNF-α and M-CSF are known to promote intratumoral MDSC expansion as well as activation of MDSC immunosuppressive functions (76–83). Moreover, the targeted inactivation of IL-6, MCP-1/CCL2 or M-CSF has been shown to augment anti-tumor immunity and reverse resistance to immunotherapy (84–88). More recently, TREM-1 signaling was reported to directly promote immunosuppression in hepatocellular carcinoma and abrogate immune checkpoint inhibition. In this study, TREM-1 signaling in TAMs was shown to impair anti-tumor activity of CD8+ T cells through the recruitment and activation of T-regs, thereby inducing resistance to anti-PD-L1 treatment (44). Together, these observations suggest that chemotactic signals downstream of TREM-1 activation could functionally contribute to immunosuppressed states in the TME.

In our analysis of the TCGA breast tumor cohort, we observed significant positive correlations between TREM1 expression and the expression of TREM-1 target cytokines (IL1B, IL8, IL6 and CCL2) and markers of MDSCs and TAMs (CD11B/ITGAM, OLR1, CD14 and CD206/MRC1). By analyzing single-cell sequencing datasets, we further characterized cellular aspects of TREM1 expression in breast tumors and identified TREM1 transcriptional correlates indicative of myeloid TREM-1 activation in the breast TME and candidate mechanisms of pro-tumorigenic growth. In the breast TME, TREM1 expression was observed predominantly in myeloid cells that expressed markers of MDSCs and TAMs. While TREM1 expression was also observed in other cellular compartments, such as cancer cells and fibroblasts (as corroborated by IF staining results), TREM1 expression in non-myeloid cell types was sparse, and showed no correlation with downstream TREM-1 targets. In both intra-tumoral myeloid cells and monocytes induced for TREM-1 activation by Dower et al. (24), TREM1 was robustly associated with increased expression of known TREM-1 target genes (IL1B, CCL7, CXCL3, IL1RN, INHBA, IL6, IL8, CCL2), including genes with anti-inflammatory functions not generally associated with the conventional view of TREM-1 pro-inflammatory signaling in innate immunity. For example, IL1RN encodes the Interleukin 1 Receptor Antagonist cytokine that competes with IL-1 cytokines (IL-1α and IL-1β) to inhibit IL-1 signaling. As IL-1 signaling can enhance Th1 polarization, promote activation of CD8+ T cells, and facilitate T cell priming by dendritic cells (89), IL1RN could play an immune suppressive role in the TME. INHBA encodes the TGF-β family member Activin A, which has been reported to: 1) impair anti-tumor immunity by inhibiting NK cell proliferation and granzyme B production (90); 2) promote regulatory T cell infiltration into tumors treated with radiotherapy and TGF-β blockade (91); and 3) function as a Th2 cytokine to induce macrophage M2 polarization (92). SPP1, which encodes the cytokine Osteopontin, was identified in our study as one of only several genes ranked in all three datasets as a top-most significantly differentially expressed gene. Interestingly, in the Dower et al. study, SPP1 expression and Osteopontin protein levels were shown to be highly induced by TREM-1-specific activation, but not by LPS/TLR stimulation. Osteopontin, through interaction with the CD44 receptor, modulates inflammatory signaling in T cells and macrophages, and can induce migration, proliferation and survival of non-lymphoid cells. While Osteopontin can enhance activation and survival of T cells in graft-versus-host disease (93), in cancer models, Osteopontin is a newly identified immune checkpoint expressed by intra-tumoral myeloid cells that upregulates PD-L1 expression (94) and directly inhibits activation and proliferation of tumor-reactive CD8+ T cells, thereby blocking anti-tumor immunity (95). Thus, it is feasible that TREM-1 signaling in the breast TME could, through multiple different mechanisms, contribute to the blockade of specific anti-tumor immune responses. Importantly, key anti-inflammatory molecules characteristic of TAMs and MDSCs, such as TGF-β (TGFB1), IL-10 (IL10) and PD-L1 (CD274), were not consistently associated with TREM1 expression in tumors and TREM-1 activation in monocytes. These genes were also not identified among the negative immune interactors associated with reduced neoadjuvant chemotherapy response in the MDACC-701 dataset, nor were they identified with the inferior DMFS-associated genes correlated with TREM1 expression in the MC1 cohort. A plausible explanation is that these anti-inflammatory factors are not direct targets of TREM-1, or are not solely modulated by TREM-1, and therefore, are likely not major contributors to TREM-1-related tumor phenotypes.

TREM-1 paracrine signaling may also activate tumor-intrinsic pathways. MDSC-secreted factors that overlap with TREM-1 target genes, including IL-1β, TNF-α, IL-8 and IL-6, have been reported to promote angiogenesis and induce cancer cell migration, invasion, and survival (96). In co-culture experiments, TREM-1 signaling was reported to induce migration of liver cancer cells, which could be abrogated by incubation with a TREM-1-blocking peptide (65). In T-cell-deficient, but myeloid-competent mouse xenograft models, TREM-1 blockade inhibited infiltration of TAMs into pancreatic tumors, and significantly reduced formation of both human pancreatic and lung tumors (97, 98). A role for TREM-1 signaling in tumor formation is supported by studies in TREM1 knockout mice that model inflammation-driven liver cancer (99) and CRC (100). In the latter studies, TREM-1 deficiency delayed tumor formation with concomitant decreases in IL-1β and IL-6 (100). TREM-1 deficiency also reduced the number of tumor-infiltrating neutrophils in both models, with alterations observed in cytokine and chemokine profiles (100). These reports, together with our findings in breast cancer, support the emerging view that TREM-1 signaling may contribute to immunosuppressive and tumor-intrinsic cancer-promoting pathways, and may represent an oncogenic axis common to many cancer types.

Several limitations of this study are noteworthy. First, our interpretations regarding the role of TREM-1 in breast cancer are based solely on correlative analyses, statistical associations and inferences drawn from other cancer research. Second, from our studies, we cannot rule out the possibility that TREM-1 activation may, in certain instances, promote anti-tumor immunity. For example, it is possible that in some tumors, TREM-1 signaling could be triggered downstream of TLR activation which may induce a more M1-like polarization in monocytes (24) and therefore contribute to a pro-inflammatory shift in the TME; however, our findings of a lack of robust association between myeloid TREM1 and TLR gene expression suggests that such a phenomenon is not common in breast tumors. Third, how other pathological processes and pathways operative in breast cancer correlate with TREM-1 expression, the immune subclasses, or clinical endpoints cannot be comprehensively determined from this study. TREM-1 functional studies that take advantage of TREM-1-activating antibodies (101, 102) and inhibitory peptides (44, 52) in the context of murine immuno-oncology models will be necessary to test the hypotheses presented here, and to establish the therapeutic value of targeting TREM-1 in the clinical management of breast cancer.



Conclusions

This work demonstrates, for the first time, that TREM1 expression in breast tumors associates with a reduced interval to clinical metastasis and a decreased responsiveness to neoadjuvant chemotherapy. While TREM1 expression positively correlates with markers of alternatively activated macrophages and MDSCs, as well as known cytokine targets downstream of TREM-1 activation, TREM1 negatively correlates with markers of anti-tumor immunity and exhibits associations with inferior clinical outcomes in tumors with otherwise advantageous immune characteristics. Our findings fit a model where myeloid-derived TREM-1 signaling is operative in human breast tumors and antagonizes anti-tumor immune processes. Further study of the role of TREM-1 inhibition in breast cancer as a tool to overcome resistance to immune checkpoint blockade is warranted.
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Background

Breast cancer progression has been gradually recognized as a bidirectional interaction between cancer cells and tumor microenvironment including stroma cells, immune cells, and the dynamically altered ECM. However, there still lacks direct experimental evidences about how ECM properties modulate the activities of stroma and immune cells.



Method

The transcriptomic data and corresponding clinical information of breast cancer pawere obtained from TCGA. Patients were divided into ECM-high, ECM-median and ECM-low groups based on ssGSEA scores of C-ECM genes. The prognostic value of ECM was confirmed by univariate/multivariate Cox regression and survival analyses. GO and KEGG analyses were performed between ECM-high and -low groups. Then associations between ECM characteristics and clinical stages were verified by Masson’s trichrome and Sirius red/Fast Green staining of clinical breast cancer tissues. To evaluate the effects of ECM on CAF induction and T cell activation, the MRC-5, NIH/3T-3, primary T cells and Jurkat T cells were encapsulated in 3D collagen with different densities and organizations, and the expression levels of CAF biomarkers and secretion levels of IL-2 were assessed.



Results

ECM scores showed broad variation across paracancerous and cancer samples as well as breast cancer molecular subtypes, and patients with different ECM groups showed distinct prognosis. Immunological activity and ECM associated biology processes were identified by GO and KEGG analyses across ECM-high and -low groups. According to MCP-counter algorithm, the infiltration of T cells was significantly lower in the ECM-high group, while CAF abundance was significantly higher. It is furtherly confirmed by clinical samples that collagen density and organization were associate with breast cancer progression. Finally, in vitro 3D-cultured fibroblasts and T cells validated that the density and organization of collagen showed significant effects on CAF induction and T cell activation.



Conclusion

Our study revealed a new mechanism of T cell immunosuppression and CAF induction, which could be of central importance for the breast cancer invasion and may constitute novel therapeutic targets to improve breast cancer outcomes.
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Introduction

Breast cancer remains a worldwide health burden that ranks as the leading malignancy (1). Despite the frequent occurrence, the mechanisms of breast cancer are far from being completely understood. For the past several decades, studies of breast cancer focused on tumor cell biology, wherein the hallmarks of cancer emphasized the tumorigenesis process (2). However, tumor metastasis continues to be the main difficulty of breast cancer treatment. With the gradual advancement of exploring, the process of breast cancer development had gradually been recognized as a bidirectional interaction between cancer cells and certain cell types within the tumor microenvironment including stroma cells, immune cells, and the extracellular matrix (ECM) (3). Therefore, tumor microenvironment is generally considered as a coconspirator in tumor initiation and progression.

During breast cancer progression, cells in the microenvironment, especially stroma cells and immune cells, dynamically remodel the ECM network and result in density, stiffness or organization changes (4, 5). More and more researches provide evidences that the remodeled ECM can regulate the bioprocess of breast cancer cells thus promote invasion and metastasis (6, 7). For example, increasing ECM stiffness induces malignant phenotypes of mammary epithelium cells through Integrin-Rho-YAP/TAZ dependent pathway (6, 8). Besides, quantifying collagen alignment has also been confirmed as a novel prognostic marker for the breast cancer survival (9). However, it remains quite speculative whether the ECM characteristics also modulate the activities of other cells to influence tumor microenvironment and thereby support breast cancer invasion (10).

Tumor infiltration lymphocytes, and in particular CD8+ cytotoxic T cells, is known to predict good prognosis and immunotherapy responses in breast cancer (11). Meanwhile, cancer associated fibroblasts (CAFs), the most prominent stromal components and major producer of ECM (12), have been shown to contribute to drug resistance and breast cancer immunity suppression (13). Daniel D. De Carvalho el al. identified a distinct pan-cancer transcriptional pattern of ECM genes based on combined database analysis, termed as C-ECM genes and found that the ECM dysregulation influence CAF induction via regulating the activation of TGF-β signaling pathway (14). Furthermore, Daniel H. Madsen et al. employed 3D culture assays and observed collagen-density can directly impact the activity of T cells (15). Importantly, the above studies revealed that the ECM also plays a regulatory role in the activity of T cells and CAFs. However, it was not addressed in these studies what kinds of specific ECM characteristics showed prognostic values and if the collagen organization also influenced the activity of the T cells and CAFs. Besides, there still lacks of combined experimental evidences.

Obviously, new work should focus on identifying specific ECM features related to breast cancer invasion and prognosis in clinical samples, and evaluating how these specific ECM characteristics regulate the activities of T cells and CAFs spatiotemporally. In the present study, we investigate the specific ECM characteristics associated with breast cancer invasion and prognosis based on combined analysis of clinical samples and TCGA database. As collagen density and organization showed prognostic value according to the combined analysis, we then investigate how 3D collagen density and organization affect the activities of T cells and fibroblasts treated with the supernatant samples of breast cancer MB-231 cells. We observed that increased collagen density and alignment promote the CAF induction and suppressed T cell activation. Importantly, our finding may inspire a new cancer treatment strategy by targeting ECM density and organization, which may help to open a new window for studies on breast cancer invasion.



Method


Collection and Grouping of Breast Cancer Data

The fragments per kilobase of per million (FPKM) of breast cancer transcriptome were downloaded from TCGA database (https://portal.gdc.cancer.gov). A reference gene set of cancer extracellular matrix associated (C-ECM) genes including 30 significant upregulated genes and 28 significant downregulated genes in pan-cancer tissues was derived from Ankur Chakravarthy et al (14). ECM-up and –down scores were carried out by using ssGSEA method of R software Gene Set Variation Analysis (GSVA) package. According to the clinical data of breast cancer samples in the TCGA, the associations between ECM scores (ECM-up and –down scores) and breast cancer molecular subtypes were evaluated. Then the ECM up and -down scores are classified according to the median. We take the intersection of the samples that are greater than the median in the up-regulation score and those are less than the median in the down-regulation score, and define it as the ECM-high group. At the same time, we define the ECM-low group by taking the intersection of the samples that are less than the median in the up-regulated score and those that are greater than the median in the down-regulated score, while those samples, in which ECM-up scores higher than the median coexist with ECM-down scores lower than the median or ECM-up scores lower than the median coexist with ECM-down scores higher than the median, were defined as ECM-median group.



Verification of the Effectiveness of ECM Grouping

We compared the overall survival (OS) and disease free survival (DFS) of breast cancer patients in ECM-high, -median and –low subtype by R software “survival” package. The log-rank test was performed to test the survival differences. Kaplan-Meier curves were used to visualize the OS and DFS of different ECM subtypes. Univariate and multivariate Cox regression analysis regarding on OS was performed to determine the hazard ratio (HR) of each ECM subtype by using the “survival” package of the R software. The sensitivity and specificity of the ROC curve were conducted to evaluate the prognostic value of the ECM subtypes.



Pathway Analysis of ECM Phenotype

The “edgeR” package calculation in R software was used to perform a differential analysis of the mRNAs of ECM-high and –low groups according to the cutoff screening of |log2FC| > 1 and p <0.05. Gene ontology (GO) terms including biological processes (BPs), cellular components (CCs), and molecular functions (MFs) were analyzed by R “clusterProfiler” package to perform biological functions of differentially expressed genes (DEGs) between ECM-high and –low groups. To explore the possible signaling pathways DEGs enriched, KEGG enrichment analysis was carried out utilizing the “clusterProfiler” package of R software with a statistical threshold of p < 0.05.



Micro-Environmental Analyses of ECM Dysfunction

The relationship between ECM dysfunction and microenvironment status was analyzed on TIMER2.0 (http://timer.cistrome.org/). This freely available web provides more robust estimation of immune infiltration levels for TCGA or user-provided tumor profiles using six state-of-the-art algorithms. Microenvironment Cell Populations-counter (MCP-counter) algorithm was selected for quantification of the absolute abundance of eight immune and two stromal cell populations in each group (16).



ECM Characterization of Clinical Patients

In order to clarify the characteristics of the ECM corresponding to each ECM phenotype, we performed Masson’s trichrome staining (Solarbio, China) and Sirius red/Fast Green staining (Solarbio, China) to assess the ECM characteristics of breast cancer patients of different nodal status and pathological stages according to the manufacturer’s instructions. The density of collagen was estimated using red-stained collagen area of Sirius red/Fast green staining and blue-stained collagen area of Masson’s trichrome using Image J in ten randomly selected microscopic fields per specimen. The degree of collagen fiber alignment was quantified using an image J plugin Orientation J.



3D Culture in Different Collagen Concentration Gels

All the animal studies conformed to the guidelines set by the Institutional Animal Care Committee of Xi’an Jiaotong University. Collagen fibers were harvested from rat tail tendons and labeled with fluorescein isothiocyanate (FITC) (Yeasen, China) as described previously (17, 18). The human breast cancer cell line MDA-MB-231, the mouse embryo fibroblast cell line NIH/3T-3 and human embryonic lung fibroblast cell line MRC-5 were obtained from American Type Culture Collection (ATCC, Manassas, VA) and cultured in DMEM supplemented with fetal bovine serum (FBS; Gibco, Grand Island, NY, USA), penicillin, and streptomycin (Sigma, St. Louis, MO, USA). Primary human T cells were obtained as a gift from Dr Jinteng Feng and Jurkat T cells were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). The culture medium of primary T and Jurkat T cells were RPMI 1640 (Hyclone, Logan, UT, USA) supplemented with FBS, penicillin, and streptomycin. The supernatant of MB-231 cells was added to fibroblasts and T cell culture medium at a 1:1 ratio for 12 hours during 3D culturing. Primary T and Jurkat T cells were stimulated by Dynabeads™ Human T-activator CD3/CD28 (ThermoFisher, 11161D) for 24h before co-cultured with the supernatant of breast cancer cells. T cells and fibroblasts were capsulated in low and high density gels contained 1mg/ml and 4 mg/ml type I collagen at a concentration of 6×105 cells/gels respectively. Both cell types were used between passages 2–20 and all cells were maintained at 37°C in a humidified 5% CO2 atmosphere.



3D Culture in Magnetic Force-Induced Aligned Collagen Gels

Cells capsulated in collagen gels were injected into a dog bone-like mold. 10 iron oxide microspheres with diameter of ~200 μm were placed into both edges of collagen suspension. To obtain aligned collagen fibers, two NdFeB magnets (6 mm × 1.5 mm) were used to apply 10% uniaxial strain to the gels for 24h.



Immunofluorescence Staining and Confocal Microscopy

Cells were encapsulated in collagen gels with different collagen concentration or fiber organization. Then rinsed, fixed in 4% formaldehyde and permeabilized for 10 min with 0.5% Tritonx-100, and incubated in 1% BSA for 1 hour followed by incubation with 1:500 dilution of anti-alpha smooth muscle actin antibody (ab7817, Abcam, 4°C, overnight) and fibronectin monoclonal antibody (14-9869-82, invitrogen, 4°C, overnight), then incubated with secondary antibody (Alexa Fluor® 647, Invitrogen, room temperature, 2hs), and 4′,6-Diamidino-2-phenylindole (DAPI, Invitrogen) was used to stain cell nuclei. Confocal fluorescence microscopy was performed using Olympus FV300. The fluorophores were excited by 405, 488 and 647 nm laser lines.



Enzyme Linked Immunosorbent Assay (ELISA) to Measure IL-2 Concentration

Supernatant samples were collected 48h after encapsulation of cells in collagen gels and assayed for IL-2 levels using a commercial IL-2 ELISA Reagent Kit (Fisher scientific) following the product protocol. Measure absorbance on an ELISA plate reader set at 450nm with microplate reader (Thermo Fisher) and use the provided Standard Diluent to prepare standard curve serial dilutions.



Statistical Analysis

All data were analyzed by R version 3.6.3 or Graphpad Prism 8, and all cell culture experiments were performed at least three times independently. These results were presented as mean ± standard deviation (SD). Student’s two-sided t-test was used to compare the differences between two groups. Differences in survival between different risk groups were compared by Kaplan-Meier curves followed by log-rank test. P < 0.05 was considered as statistically significant.




Results


C-ECM Dysregulation Is Associated With the Prognosis of Breast Cancer

Initially, to study whether ECM characteristics showed significant effects in invasion and prognosis of breast cancer, a total of 1109 breast cancer samples and 113 paracancerous samples from TCGA were obtained. The entire flow chart of the research is presented in Figure 1, and the clinical information of patients in TCGA database was list in Table 1. Upon summarization using single sample Gene Set Enrichment Analysis (ssGSEA) scores to evaluation ECM characteristics, C-ECM-up and -down scores show broad variation across breast cancer molecular subtypes (Figures 2A, B). Also, we found that triple negative breast cancer (TNBC) which is considered as the most aggressive molecular subtype showed highest ECM-up scores and lowest ECM-down scores (Figures 2A, B). Specifically, compared with the paracancerous samples, cancer samples had higher ECM-up scores and lower ECM-down scores in paired and unpaired breast cancer tissues (Figures 2A–D).




Figure 1 | The flow chart of construction and validation of data collection and analysis.




Table 1 | Clinical information of breast cancer patients in TCGA database and validation group.






Figure 2 | C-ECM dysregulation is associated with the prognosis of breast cancer in TCGA database. (A) C-ECM-up ssGSEA scores of normal, luminal, and triple negative (TNBC) breast cancer tissues in TCGA database. (B) C-ECM-down ssGSEA scores of normal, luminal, and TNBC breast cancer tissues in TCGA database. (C) C-ECM-up scores of paired paracancerous and cancer tissues of breast cancer patients in TCGA database. (D) C-ECM-down scores of paired paracancerous and cancer tissues of breast cancer patients in TCGA database. ****P < 0.0001.



Subsequently, to estimate whether ECM characteristics contribute to the prognosis of breast cancer, breast cancer patients were divided into 154 ECM-high, 662 ECM-median and 155 ECM-low patients according to ECM-up and –down scores. Kaplan-Meier curves showed that the samples in the ECM-high group exhibited worse overall survival (OS) and disease free survival (DFS) than those in the ECM-median and -low groups, while ECM-low group exhibited the best OS and DFS, indicating the association between ECM dysregulation with breast cancer prognosis (Figures 3A, B). Beside, to further explore the prognostic value of the ECM score in each molecular subtypes of breast cancer, we compared the OS and DFS between different ECM subgroups for different molecular subtypes separately. The results of DFS and OS in luminal breast cancer patients were consistent with the general samples (Figures S1A, B), however, in TNBC subtype, the ECM-medium group showed the best OS and DFS trends among the three groups with no statistically significant p-values (Figures S1C, D). Considering the small number of patients in the TNBC subtype, we reclassified these patients into ECM-high and -low groups, then the OS and DFS results began to show a similar trend with ECM-high subgroup showed the worse OS and DFS, while the p-values still not statistically significant (Figures S1E, F).




Figure 3 | C-ECM dysregulation is associated with the OS and DFS of breast cancer in TCGA database. (A) The Kaplan-Meier curves for the OS of patients in TCGA database which were divided into ECM-high, ECM-median and ECM-low group. (B) The Kaplan-Meier curves for the DFS of patients in TCGA cohort which were divided into ECM-high, ECM-median and ECM-low group. (C) Forest plots of Multivariate Cox regression analysis regarding OS in the TCGA database. (D) The AUC of time-dependent multivariate ROC curves was used to verify the prognostic performance of the ECM group in TCGA database.



We also performed univariate (Figure S2) and multivariate Cox regression analyses regarding OS based on ECM group with TNM stage and age of onset to examine the prognostic impact of this dysregulation. ECM-high group were significantly associated with poor prognosis (Figure 3C, hazard ratio (HR)=2.404, p=0.022). In order to compare the sensitivity and specificity of risk score on the prognosis of patients with breast cancer, time-dependent receiver operating characteristics (ROC) analysis was performed. The area under the ROC curve (AUC) of the ECM group was 0.755 (Figure 3D), suggesting the ECM dysregulation prognostic signature for breast cancer was highly reliable. These results together identify ECM dysregulation as a key player in the prognosis of breast cancer.



C-ECM Dysregulation Is Related With Immunological Activity and ECM Associated Biology Process

Since our data suggest that the ECM dysregulation was associated with the prognostic of breast cancer, we try to select possible pathways under this dysregulation. To do this, the mRNA expression profiles were compared across the best prognosis (ECM-high) and the worse prognosis (ECM-low) groups. A total of 793 differentially expressed genes including 403 upregulation and 390 down regulation genes were identified (Figure 4A). Subsequently enrichment factor of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses referred to the significance of specific functions. In the GO analysis, DEGs were significantly enriched in ECM associated process such as extracellular structure organization (GO:0043062), collagen-containing extracellular matrix (GO:0062023), extracellular matrix structural constituent (GO:0005201) and so on (Figure 4B). Notably, enrichment for inflammatory processes and adaptive immune responses such as humoral immune response (GO:0006959), leukocyte migration (GO:0050900), T cell activation (GO:0042110) immunoglobulin complex (GO:0019814), were also identified (Figure 4B). For the KEGG pathway analysis, DEGs were significantly enriched in ECM-receptor interaction, PI3K-Akt signaling, IL-17 signaling, human T-cell leukemia virus 1 infection pathway (Figure 4C).




Figure 4 | C-ECM dysregulation is associated with T cell and CAF activities. (A) Volcano plot of differentially expressed genes across ECM-high and ECM-low groups. (B) Results of KEGG analyses across different ECM score groups. (C) Results of GO analyses between different ECM score groups into three functional groups, including biological process (BP), cellular component (CC) and molecular function (MF). (D) T cell infiltration of ECM-high and ECM-low groups conducted by TIMER. (E) Abundance of CAFs of ECM-high and ECM-low groups conducted by TIMER. (F) The heatmap of T cell activation biomarkers of ECM-high and ECM-low groups. (G) The heatmap of CAF induction biomarkers of ECM-high and ECM-low groups. (H) The IL-2 expression level of ECM-high and ECM-low groups. (I) The α-SMA expression level of ECM-high and ECM-low groups. *P < 0.05; ***P < 0.001, ****P < 0.0001.



As we identified ECM associated and immune response pathways, we then asked whether those two process were related. Given the previously identified role of CAFs in determining the composition and organization of ECM (19, 20), as well as T cell infiltration and activation in clinical efficacy of immunotherapies (21), we then try to evaluate the association between CAF induction, T cell infiltration and ECM dysregulation. To further support this hypothesis, Micro-environment Cell Populations-counter (MCP-counter) algorithm were conducted by TIMER to examine the abundance of T cell infiltration and CAF populations (16). Importantly, samples in the ECM-high group exhibited lower infiltration of T cells (1.153 vs 2.136, p=0.0001) and higher quantification of CAFs (232.6 vs 207.2, p=0.0343) (Figures 4D, E). To further confirm the results, two sets of T cell function and CAF activation biomarker genes were generated. Consistently, T cell function biomarkers were significantly lower in the ECM-high group, while CAF biomarkers were significantly higher (Figures 4F–I). Collectively, these results indicate that ECM characteristics affect activities of T cells and CAFs.



ECM Characteristics Are Associated With Breast Tumor Progression and Metastasis in Clinical Samples

To understand the corresponding pathological characteristics of ECM dysregulation in human breast cancer samples, we performed Masson staining and Sirius red/Fast green staining on 30 breast cancer samples to evaluate the characteristics of collagen fibrils that constitute the main component of ECM. the clinical information of the real breast cancer patients was list in Table 1. We compared the collagen density and organization of breast cancer patients with nodal status negative and positive as well as grade I-II and grade III (Figures 5A, B). Interestingly, the results showed increased collagen fibril alignment in the nodal status positive (Figure 5C) and grade III groups (Figure 5E) contrast to nodal negative or grade I-II breast cancer tissues. In addition, the density of collagen showed higher levels in the nodal status positive (Figure 5D) and grade III groups (Figure 5F). These results suggest an essential role of ECM characteristics in breast cancer invasion and metastatic dissemination. Give that ECM-high groups showed worse prognosis, taken together, these results strongly support increasing ECM alignment and density promoting invasion and predict worse prognosis in breast cancer.




Figure 5 | ECM characteristics are associated with breast tumor progression and metastasis in clinical samples. (A) Masson’s trichrome and Sirius red/Fast Green staining between different nodal status. (B) Masson’s trichrome and Sirius red/Fast Green staining between different pathological stages. (C) Orientation distribution of collagen fibrils between different nodal status. (D) Area of collagen fibrils between different nodal status. (E) Orientation distribution of collagen fibrils between different pathological stages. (F) Area of collagen fibrils different pathological stages. (scale bar, 100 μm). *P < 0.05; **P < 0.01.





Aligned Collagen Matrix Enhances CAF Induction and Inhibits T Cell Activation

Considering that the combined results suggests breast cancers with different invasiveness and prognosis showed different ECM characteristics with specific immune status and CAF activity, we tested the hypothesis that ECM characteristics would affect the activity of T cell activation and CAF induction. To evaluate the potential effects of CAF induction and T cell activation by collagen organization, we visualized the α-SMA and fibronectin expression of MRC-5 and NIH/3T-3 cells as well as the secretion of IL-2 of primary T cells and Jurkat T cells in 3D random and aligned collagen matrix supplement with supernatant samples of breast cancer cell MB-231. Visually, through magnetic stretching like Figure S3A, collagen fibrils with magnetic stretching remained aligned, whereas the control group remained random organized (Figures 6A, B). The α-SMA and fibronectin expression was significantly higher in the aligned collagen matrix (Figures 6C–E and Figures S3C, D). Conversely, the IL-2 levels in activated primary T cells and jurkat T cells exhibited significant decrease in the aligned group (Figure 6F). Remarkably, as activated primary T cells and jurkat T cells secreted IL-2 at levels significantly higher than the assay range, we detected IL-2 levels in a 10-fold dilution (Figure S3B). These observations indicate that increased ECM alignment significantly promote CAF induction and inhibit T cell activation, thus increase breast cancer invasiveness.




Figure 6 | Aligned collagen matrix enhances CAF induction and inhibit T cell activation. (A) Random and aligned collagen fibrils were successfully conducted by magnetic stretching. (B) Fibril coherency between the random and aligned groups. (C) Immunofluorescence staining of α-SMA of MRC-5 cells encapsulated in random and aligned collagen fibrils. (D) Immunofluorescence staining of fibronectin of MRC-5 cells encapsulated in random and aligned collagen fibrils. (E) Average fluorescence intensity of α-SMA and fibronectin between random and aligned groups. (F) IL-2 levels of activated primary T cells and Jurkat T cells encapsulated in random and aligned collagen fibrils. (scale bar, 50 μm). **P < 0.01; ***P < 0.001, ****P < 0.0001.





Increased Collagen Density Promotes CAF Induction and Downregulates T Cell Activation

To further investigate the CAF induction and T cell activation regulated by another ECM characteristic, ECM density, we compared MRC-5 cells, NIH/3T-3 cells, primary T cells and Jurkat T cells cultured in 3D high- and low-density collagen matrix (4mg/ml vs 1mg/ml). We observed that α-SMA and fibronectin expression were significantly upregulated in high-density groups (Figures 7A–C and Figures S4A, B). Consistent with the published study (15), the increased collagen density was accompanied by decreased secretion of IL-2 (Figure 7D). Altogether, these results suggest that the T cells acquire a decreased activation in the high density than low density of collagen gels. This is consistent with the TCGA database analysis (Figure 4G).




Figure 7 | Collagen density modulates the CAF induction and T cell activation. (A) Immunofluorescence staining of α-SMA of MRC-5 cells encapsulated in low and high density of collagen fibrils. (B) Immunofluorescence staining of fibronectin of MRC-5 cells encapsulated in low and high density of collagen fibrils. (C) Average fluorescence intensity of α-SMA and fibronectin between different collagen density groups. (D) IL-2 levels of activated primary T cells and Jurkat T cells encapsulated in low and high density collagen fibrils. (E) High invasive breast cancer subtypes exhibit increased ECM density and alignment consistency, which promotes tumor invasion due to immunosuppression of T cells as well as CAF activation. ns, not significant; (scale bar, 50 μm). *P < 0.05; ***P < 0.001, ****P < 0.0001.



Altogether, our study reveals that breast cancer patients with high ECM scores have increased ECM density and aligned organization, which promotes breast cancer invasion and metastasis via immunosuppression of T cells as well as enhancing CAF induction (Figure 7E).




Discussion

ECM characteristics comprise strong prognostic indicators of breast cancer invasion and prognosis (6, 8, 22, 23). However, there is currently no specific study that characterized ECM along the different stages of breast cancer development, thus what kinds of specific ECM characteristics are associated with breast cancer invasion is worth exploring. Additionally, how these invasive subtypes of ECM affect the activities of other important cells in the microenvironment remains poorly understood. In this study, we first identified the associations between ECM dysregulation and prognosis through of breast cancer in the TCGA database, followed by the identification of aggressive ECM subtypes in clinical samples. According to the above ECM characteristics in clinical samples, we established an in vitro 3D culture system that is highly similar to the clinical sample by adjusting the concentration and organization of 3D collagen matrix and evaluated T cell activation and CAF induction in the specific ECM microenvironment. Based on the in vitro 3D collagen matrix system, we validate the hypothesis that the invasive ECM microenvironment presenting increased collagen density and aligned organization could promote breast cancer invasion via inhibiting the activation of T cells and facilitating the induction of CAFs.

Consistent with the previous demonstration (14), we found that high ECM-up scores indicates worse prognosis of breast cancer. We subsequently observed the density and organization of collagen fibrils varied during the progression of breast cancer, with a gradual increase in the deposition and alignment of collagen fibrils. Given that high collagen deposition and alignment contribute to breast cancer invasion through overexpression of EGFR, ERBB2, CD44 and other receptors in the microenvironment, which further induce tumor invasion and metastasis through the transduction of downstream PI3K/Akt, MAPK and other signaling pathways (23–26). Our clinical analysis suggest that the high density and well-aligned collagen fibrils represent a more invasive ECM subtype, and combined with the results from the TCGA database, combined with the results of the TCGA database, we can infer that the higher risk group of patients with a worse prognosis correspond to the invasive ECM subtype. This provides in vivo evidence to support our subsequent construction of in vitro 3D culture models that more accurately mimic the tissue environment of breast cancer patients.

Another important observation in our study was that induction of CAFs and activation of T cells clearly respond to the deposition and organization of collagen fibrils. More recently, it has been shown that CAFs alter the organization and deposition of the ECM in a variety of ways to remodel the ECM, thereby preventing chemotherapies from reaching tumor cells (27, 28). However, how the reshaped ECM affects the activity of CAFs remains largely unclear. Indeed, we observed increased density and collagen alignment would promote the expression of the CAF biomarker α-SMA and therefore promote CAF induction. Force-dependent collagen fibril alignment can enhance the diffusion of CAF-promoting exosomes to reach the stroma and induce CAFs may be one of the explanations (29). As for collagen density, as the increase in collagen concentration causes an increase in ECM stiffness, which in turn activates the YAP and TAZ transcriptional regulators, thus facilitates the CAF induction (30). GO and KEGG analysis to identify biological process categories that were statistically enriched confirmed that T cell activation was significantly affected by ECM dysregulation. In alignment with these analysis, we observed in in vitro 3D culture model that increased collagen density, as well as aligned organization, had a suppressive effect on T cell activation, which may constitute a novel immunosuppressive mechanism within the breast cancer microenvironment. Although this is the first study that directly assess the response of T cell activation to the surrounding ECM density and organization, the potential of ECM characteristics to modulate immune activity is supported by several study, in which ECM stiffness was shown to influence the recruitment of monocytes and their differentiation into protumorigenic macrophage subsets (31). In our study we focused on the ability of the T cell activity, but it is possible that ECM characteristics could further regulate the activities of other cells in the tumor microenvironment, which were worth further exploration as well.

Since increased ECM alignment and density can accelerate breast cancer progression by promoting fibroblast induction and inhibiting T-cell activation according to the combination of clinical samples, database analysis and in vitro 3D models, the molecular signal pathway changes under this observation are particularly important. In addition to the ECM-associated and immune-related molecular pathways we mentioned previously, we also identified the ‘PI3K-Akt’ and ‘Focal Adhesion’ signaling pathway via KEGG analysis. Given that PI3K-AKT signaling pathway has diverse downstream effects on cellular energy metabolism process (32), added with the previous evidence that ECM stiffening increased the confinement of cell migration within 3D matrix thereby increasing energy consumption (33), we can deduce that increased collagen density and alignment showed the similar effect. During this process, cells can detect and react to changes of ECM through integrin-based adhesion sites via mechanotransduction (34). Then the transmission of forces across integrin-based adhesions establishes communication between ECM and cancer cells, which then regulate both rapid responses in cellular energetic metabolism and long-term changes in gene expression (34). However, there are still a lot of open questions that need to be answered to gain a comprehensive understanding of this process.

To our best knowledge, this is the first study that present direct 3D experimental evidence that ECM alignment and density can accelerate breast cancer progression by promoting fibroblast induction and inhibiting T-cell activation, which remind us the potential treatment role of ECM organization and density in breast cancer. Meanwhile, based on the important role of ECM during cancer invasion, an important step of anticancer treatment is the identification of the biological alterations present in tumor microenvironment in order to target these key molecular players. For example, matrix metalloproteinases (MMPs) secreted by CAFs which promote ECM degradation were noted as promising targets against breast cancer (35). Presently, the MMP-14 blocking antibody DX-2400 has been tested in a murine model of breast cancer, where it inhibited primary tumor growth when administered alone and further impaired the growth when combined with radiotherapy (35). Besides, inhibition of FAK represents another opportunity to suppress ECM-induced signaling as downregulation of FAK in breast cancer cells results in decreased tumor growth (19). All these studies accentuate the possibility of using tumor- suppressive ECM components against breast cancer.



Conclusion

In conclusion, our analyses of the TCGA database and clinical samples revealed a strong correlation between ECM characteristics and breast cancer invasion as well as prognosis. Based on the above results, by encapsulating T cells and fibroblasts in 3D collagen with various densities and organizations, we further demonstrate that ECM characteristics are important regulators of T cell and CAF activity. This immunosuppressive and CAF-induction mechanism could be of central importance for the breast cancer invasion and may constitute a novel therapeutic target to improve breast cancer outcomes. Future studies are needed to explore the in-depth molecular biological mechanisms to identify molecular biomarkers targeting ECM and evaluated the potential efficacy of anti-ECM treatment in breast cancer.
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Supplementary Figure 1 | ECM characteristics correlate with breast tumor progression in each molecular subtypes A. The Kaplan-Meier curves for the OS of patients of luminal molecular subtype in TCGA database which were divided into ECM-high, ECM-median and ECM-low group. B. The Kaplan-Meier curves for the DFS of patients of luminal molecular subtype in TCGA database which were divided into ECM-high, ECM-median and ECM-low group. C. The Kaplan-Meier curves for the OS of patients of TNBC molecular subtype in TCGA database which were divided into ECM-high, ECM-median and ECM-low group. D. The Kaplan-Meier curves for the DFS of patients of TNBC molecular subtype in TCGA database which were divided into ECM-high, ECM-median and ECM-low group. E. The Kaplan-Meier curves for the OS of patients of TNBC subtype in TCGA database which were divided into ECM-high and ECM-low group. F. The Kaplan-Meier curves for the DFS of patients of TNBC subtype in TCGA database which were divided into ECM-high and ECM-low group.

Supplementary Figure 2 | Forest plots of Univariate Cox regression analysis regarding OS in the TCGA database.

Supplementary Figure 3 | Aligned collagen matrix enhances CAF induction of NIH/3T-3 cells A. Random and aligned collagen fibrils models conducted by magnetic stretching. B. IL-2 levels of primary T cells and Jurkat T cells in un-activated and activated groups. C. Immunofluorescence staining of α-SMA of NIH/3T-3 cells encapsulated in random and aligned collagen fibrils. D. Immunofluorescence staining of fibronectin of NIH/3T-3 cells encapsulated in random and aligned collagen fibrils. (scale bar, 50 μm). *P < 0.05; **P < 0.01; ***P < 0.001, ****P < 0.0001.

Supplementary Figure 4 | Collagen density modulates CAF induction of NIH/3T-3 cells. A. Immunofluorescence staining of α-SMA of NIH/3T-3 cells encapsulated in low and high density of collagen fibrils. B. Immunofluorescence staining of fibronectin of NIH/3T-3 cells encapsulated in low and high density of collagen fibrils. (scale bar, 50 μm).
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Breast cancer is the most frequently diagnosed cancer and the second leading cause of cancer death among women worldwide. Therefore, the need for effective breast cancer treatment is urgent. Transcription factors (TFs) directly participate in gene transcription, and their dysregulation plays a key role in breast cancer. Our study identified 459 differentially expressed TFs between tumor and normal samples from The Cancer Genome Atlas database. Based on gene expression analysis and weighted gene co-expression network analysis, the co-expression yellow module was found to be integral for breast cancer progression. A total of 121 genes in the yellow module were used for function enrichment. To further confirm prognosis-related TFs, COX regression and LASSO analyses were performed; consequently, a prognostic risk model was constructed, and its validity was verified. Ten prognosis-related TFs were identified according to their expression profile, survival probability, and target genes. COPS5, HDAC2, and NONO were recognized as hub TFs in breast cancer. These TFs were highly expressed in human breast cancer cell lines and clinical breast cancer samples; this result was consistent with the information from multiple databases. Immune infiltration analysis revealed that the proportions of resting dendritic and mast cells were greater in the low-risk group than those in the high-risk group. Thus, in this study, we identified three hub biomarkers related to breast cancer prognosis. The results provide a framework for the co-expression of TF modules and immune infiltration in breast cancer.
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Introduction

Transcription factors (TFs) identify specific DNA promoters to control chromatin and transcription in the process from gene to protein (1). TFs are spatially, temporally, and sequentially expressed in tissues during cell development, proliferation, or differentiation processes; and any modification of their expression and functional disorder may result in master deregulation of cell integrity or organism homeostasis leading to pathologies. TFs are able to activate or repress gene transcription depending on the specific structure of their DNA-binding domain, including structural motifs, such as the C2H2 homeodomain, helix–loop–helix, helix–turn–helix, and leucine zipper (2). Similarly, the expression of TFs is tissue- and cell-type-specific and often indicative of corresponding specific functions (3). Numerous diseases arise from a breakdown in the regulation of TFs: a third of human developmental disorders have been attributed to dysfunctional TFs, and a majority of oncogenes are also TFs (4–6). In recent years, an increasing number of studies have found that drugs targeting TFs can modulate some hallmark properties of cancer. For example, MLL-AF9 is a driver of the leukemia stem cell population (7); GABP increases expression of TERT in glioblastomas with a mutant TERT promoter (8); PML–RARα blocks cell differentiation in acute promyelocytic leukemia (9); RUNX1–ETO reduces CD48, thereby decreasing NK cell killing (10); Runx2 and SIX1 induce epithelial-mesenchymal transition (EMT) and breast cell invasion (11, 12).

Breast cancer is the most frequently diagnosed cancer and is the leading cause of cancer death among women worldwide (13). Breast cancer is a heterogeneous disease, which is a result of genetic alteration or epigenetic modifications by multiple factors, especially the TFs. TFs are divided into three groups in breast cancer: steroid receptors, resident nuclear TFs, and latent cytoplasmic factors (14). These TFs regulate cell cycle, stem cell differentiation, apoptosis, migration, and cell differentiation and modulate breast cancer progression. In our previous study, we demonstrated that the TF, GATA3, could recruit histone demethylase UTX to suppress metastasis of breast cancer (15). In addition, the TF, RUNX2, can promote CD44/CD24 breast cancer stem cell properties and breast cancer tumorigenesis through the EMT process (16). Furthermore, the TF, GATA4, induces cell cycle arrest and apoptosis through NF-κB signaling in breast cancer cells (17). To date, there are approximately 1508 TF genes that participate in sequencer-specific DNA binding (2); however, their roles in breast cancer have not been elucidated.

The availability of complete genome sequences and the development of high-throughput sequencing techniques have provided complementary information describing the function of TFs in cancer. Weighted gene co-expression network analysis (WGCNA) is a new bioinformatics method, which allows for a comprehensive interpretation of gene expression data by constructing gene networks based on similarities in expression profiles among samples based on microarray or RNA-seq data (18). Closely connected genes that have been proven to be conserved across phylogenies and enriched in protein-protein interactions are grouped into one module (19). WGCNA is the most widely used co-expression network technique and is often used in genetic analysis of cancer (20). By constructing two gene networks according to normal and tumor tissue gene expression data, it is possible to identify critical modules and genes that might be involved in pathological processes and, subsequently, are able to serve as diagnostic or prognostic biomarkers, or potential therapeutic targets. In breast cancer, the novel microRNA biomarkers for each subtype of breast cancer can be detected using WGCNA (21). In addition, our previous study identified one lncRNA and five mRNA that serve as important prognostic biomarkers in breast cancer (22).

In this study, we used WGCNA to compare the TF expression of a patient with breast cancer and that of a normal patient, based on information from The Cancer Genome Atlas (TCGA), and identified the most significant modules related to breast cancer. More importantly, we also used the Least Absolute Shrinkage and Selection Operator (LASSO) to construct a TF–target network and identify 10 key TFs related to patient survival and immune infiltration in breast cancer. Upon further analysis, three hub TFs, COPS5, HDAC2, and NONO were identified and were demonstrated to be highly expressed in human breast cancer samples when compared to adjacent tissues using western blotting and quantitative reverse transcription polymerase chain reaction (qRT-PCR). Our study not only detected 10 TFs correlated with breast cancer prognosis, but also provides a direct reference for exploring the roles of TFs and target genes in breast cancer.



Results


Identification of Differentially Expressed TFs and Subsequent Gene Function Enrichment Analysis

JASPAR, TRANSFAC, CISBP, and TRRUST databases were used for the bioinformatics analysis process. A total of 1930 TFs were obtained after the removal of duplicated TFs from the four databases, as shown in Table 1. The raw counts data and clinical data (Table 3) of breast cancer were download from TCGA. After the raw data were statistically analyzed using the DESeq2 R package, 295 significantly upregulated and 164 significantly downregulated TFs were screened out (Supplemental Table 1). A volcano plot and heatmaps were generated to demonstrate the distribution of 459 differentially expressed TFs (Figures 1A, B). In order to further analyze the function of these TFs, the “clusterProfiler” R package was used to conduct the Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway annotation analyses for the 459 differential TFs (Supplemental Table 2). Enrichment results were visualized using the “ggplot2” R package (Figures 1C, D). Signaling pathways found to regulate the pluripotency of stem cells, Th1 and Th2 cell differentiation, the Notch signaling pathway, the TGF-beta signaling pathway, cellular senescence, and the cell cycle, among others, were obtained from the KEGG pathway enrichment analysis (Figure 1C). Moreover, GO analysis showed that these TFs were significantly enriched in histone methylation, histone acetylation, DNA damage response, stem cell differentiation, and TF binding activation (Figure 1D).


Table 1 | TFs database information.






Figure 1 | Heatmap, volcano plots, and gene enrichment analyses of differential transcription factors (TFs). (A) Heatmap of differential TFs. (B) Volcano plot of differential TFs. (C) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment of differential TFs. Red pathways are common between the total differential TFs of the yellow module. (D) Gene ontology (GO) enrichment of total differential TFs.





Construction of Co-Expression Modules of Differentially Expressed TFs Using WGCNA

WGCNA was used to construct a co-expression network and modules of differentially expressed TFs exhibiting a strong correlation with breast cancer. The Pearson’s correlation matrix of the genes was converted into a strengthening adjacency matrix by power β = 4 based on a scale-free topology with R2 = 0.97 (Figure 2A). All of the TFs were clustered using a topological overlap matrix (TOM)-based dissimilarity measure according to the Dynamic Tree Cut algorithm to divide the tree into eight modules (Figures 2B, C) labeled with different colors. Then, we summarized the gene co-expression by eigengenes and calculated the correlation of each eigengene with breast cancer. The association between co-expression modules and breast cancer is shown in Figure 2D. The yellow module exhibited a strong positive relationship with breast cancer and was used for further analysis. The TFs in the yellow module are listed in Supplemental Table 3.




Figure 2 | Construction of co-expression modules by weighted gene co-expression network analysis (WGCNA). (A) Analysis of network topology for various soft-threshold powers. Check scale-free topology; the adjacency matrix was defined using soft-thresholds with β = 4. (B) Clustering dendrograms of transcription factors (TFs), with dissimilarity based on topological overlap, together with assigned module colors. (C) Bar plot of mean significance across modules; gene significance represented the correlation between module and breast cancer. (D) Analysis of module-breast cancer relationships. (E) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment of TFs in the yellow module. (F) Gene ontology (GO) enrichment of differential TFs in the yellow module. Red pathways are common with total differential TFs.



We used the “clusterProfiler” R package to analyze the GO and KEGG pathway enrichment of the 121 TFs in the co-expression yellow module (Supplemental Table 4). The significant enrichment function and pathways (p-value < 0.05) are shown in Figures 2E, F. KEGG signaling pathways possibly related to breast cancer progression were identified (Figure 2E), including the cell cycle, cellular senescence, the TGF-β signaling pathway, and the Hippo signaling pathway. GO data revealed that the TFs were enriched in pathways such as DNA damage response, DNA methylation, TF complex, SWI/SNF superfamily-type complex, and histone binding (Figure 2F), which represent the classical function of TFs.



Construction of Prognostic TFs of Breast Cancer

In order to determine the key TFs related to the prognosis of breast cancer, TFs significantly related to cancer prognosis were identified by single variable Cox regression analysis. As shown in Figure 3A, 11 TFs were obtained with p-values <0.05. Next, LASSO regression analysis was used to remove redundant TFs to get the prognostic TFs based on the result of single variable Cox regression analysis (Figure 3B). One TF was abandoned, and the remaining 10 TFs further analyzed were SIM2, PTMA, NONO, COPS5, HDAC2, ZNF706, ZNF250, ALX3, HNRNPD, and TBPL1. They were analyzed using multivariate Cox regression analysis and utilized to construct a final prognostic model associated with TFs of breast cancer. The coefficients of each TF are shown in Figure 3C. The prognosis of breast cancer was evaluated by calculating the risk score of each patient on the basis of the expression and coefficients of each TF. breast cancer patients were divided into high-risk and low-risk groups according to their risk score (Figure 3D). A heatmap was generated to directly present the relationship between the differential genes of high-risk and low-risk groups and the related traits (Figure 3E). Furthermore, to test the effectiveness of the prognostic model, a breast cancer dataset, Metabric, from the Cbioportal database was used as a training set and plotted using a Kaplan–Meier analysis and receiver operating characteristic (ROC) curve of 3- and 5-year survival probability. The survival time of patients with a low-risk score was significantly longer than that of patients with a high-risk score in both models (Figure 3F and Supplemental Figure 1A), and the area under curve of the model indicated that it had the ability to predict the prognosis of breast cancer (Figure 3G and Supplemental Figure 1B).




Figure 3 | Construction of prognostic transcription factor (TF) model of breast cancer. (A) Single variable Cox regression analysis of differential TFs. (B) Line plot of Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis of 11 TFs in breast cancer. (C) LASSO model (λ) of breast cancer. (C) Coefficient spectrum of the 10 prognosis-related TFs. (D) Distribution of risk score in breast cancer. (E) Heatmap of the 10 prognosis-related TF expression profiles combined with clinical traits in the high- and low-risk groups. (F) Kaplan–Meier analysis of high- and low-risk groups for breast cancer from TCGA. (G) ROC curve of 3- and 5- year survival probability in breast cancer from TCGA.



Finally, we assessed the prognosis value of ten TFs based on risk score, age, gender, and tumor stage. According to univariate cox regression analysis, the risk score was significantly correlated with overall survival (OS) (HR = 0.367, 95% CI = 0.26–0.52, p-value < 1.7e-08) (Figure 4A); meanwhile, according to multivariate Cox regression analysis, the risk score was an independent prognostic indicator (HR = 0.402, 95% CI = 0.28–0.57, p-value < 4.2e-07) (Figure 4B). Nomogram and calibration maps were used to quantify the contribution of individual factors in the clinical prognosis and verify the validity of this model, respectively (Figures 4C, D). The results indicated that this prognostic model had good predictive capabilities.




Figure 4 | Prediction of the prognosis probability in breast cancer. (A) Single variable Cox regression analysis in breast cancer cohort. (B) Multivariate Cox regression analysis in breast cancer cohort. (C) A nomogram of the breast cancer cohort. (D) Calibration maps of the breast cancer cohort.





Analysis of Immune Infiltration

The tumor microenvironment plays a crucial role in tumor progression, therapeutic response, and patient outcomes. Immune-infiltrating cells are an important component of the tumor microenvironment (23). To detect the difference in the immune infiltration status of the high-risk and low-risk groups, CIBERSORT was used to screen 22 immune cell types, including T cells, B cells, macrophages, natural killer cells, eosinophils, neutrophils, and dendritic cells, for significant immune infiltration-related cells. There were 22 kinds of immune infiltration-related cells that were different between the high-risk and low-risk groups (Figure 5A). Resting dendritic and resting mast cells were the most significant immune infiltration-related cells and were highly expressed in low-risk group (Figure 5B).




Figure 5 | Analysis of immune infiltration and construction of transcription factor (TF)-target gene network. (A) Analysis of immune infiltration in the high- and low-risk groups. (B) violin plot of resting dendritic and mast cells in the high- and low- risk groups. (C) Seven TF–target gene network.





Construction of the TF–Target Gene Network and Expression Profile of 10 TFs

TFs generally regulate gene expression by binding with the promoter of target genes. To predict the target genes of 10 prognostic TFs, the TRRUST database was used to construct a TF regulatory network (Supplemental Table 5). HDAC2 had 28 target genes; PTMA had 4 target genes; SIM2 had 3 target genes; COPS5 had 2 target genes; and HNRNPD, NONO, and TBPL1 had one target gene (Figure 5C). However, ZNF706, ZNF250, ALX3 had no target genes. In addition, we compared the expression profile of these 10 TFs in normal and breast cancer tissue obtained from TCGA. The expression of COPS5, HDAC2, HNRNPD, NONO, PTMA, SIM2, ZNF250, and ZNF706 was significantly higher in breast cancer tissue than that in normal tissue, whereas ALX3 and TBPL1 exhibited higher expression in normal tissue than in breast cancer tissue (Figure 6A). Moreover, Kaplan–Meier analysis of each TF indicated that COPS5, HDAC2, NONO, and ZNF250 are associated with a lower survival probability in the high-risk group than in the low-risk group (Figure 6B). Results of the TF–target gene network, expression panel, and survival analysis revealed that COPS5, HDAC2, and NONO served as the hub TFs for breast cancer. Moreover, these three TFs were verified in other databases. High expression of COPS5, HDAC2, and NONO was associated with poor OS and disease-free survival in patients with breast cancer (Figures 6C–E) (http://gepia.cancer-pku.cn/ and https://kmplot.com/analysis/), and the associated protein expression was also high in breast cancer (Figure 6F) (https://www.proteinatlas.org/). Altogether, these data suggested that COPS5, HDAC2, and NONO were related to poor prognosis.




Figure 6 | Expression profile and survival analysis of 10 transcription factors (TFs) in breast cancer. (A) Expression profile of 10 TFs (ALX3, COPS5, HDAC2, HNRNPD, NONO, PTMA, SIM2, TBPL1, ZNF250, and ZNF706) in normal and breast cancer samples. (B) Kaplan–Meier analysis of 10 TFs (ALX3, COPS5, HDAC2, HNRNPD, NONO, PTMA, SIM2, TBPL1, ZNF250, and ZNF706) in breast cancer. (C, D). Association of COPS5, HDAC2, and NONO with overall survival in the online database (http://gepia.cancer-pku.cn/ and https://kmplot.com/analysis/). (E) Association of COPS5, HDAC2, and NONO with disease-free survival in the online database (https://kmplot.com/analysis/). (F) Immunohistochemistry (IHC) of COPS5 (COPS5 in normal sample from 2419; COPS5 in breast cancer sample from 2091), HDAC2 (HDAC2 in normal sample from 2773; HDAC2 in breast cancer sample from 2392), and NONO (NONO in normal sample from 3856; NONO in breast cancer sample from 2805) in breast cancer and normal samples from the HPA database (https://www.proteinatlas.org/).





Validation of the Hub TF mRNA and Protein Expression Using qRT-PCR and Western Blotting

To further confirm whether COPS5, HDAC2, and NONO performed similar functions in normal and breast cancer cells, we measured the mRNA and protein levels in breast cancer and normal breast epithelial cells. Consistent with the bioinformatics analysis, COPS5, HDAC2, and NONO were more highly expressed in breast cancer cell lines than in normal breast epithelial cells (Figures 7A, B). Furthermore, we collected tumor and adjacent tissues from 10 breast cancer patients from the National Cancer Center of China and analyzed the mRNA and protein expression in tumor and adjacent tissues. The results showed that both mRNA and protein levels were significantly higher in tumor tissues than in adjacent tissues (Figures 7C–F), which is consistent with the results of the TCGA breast cancer cohort analysis.




Figure 7 | Validation of three key genes. (A) Expression of COPS5, HDAC2, and NONO mRNAs in the normal breast epithelial cell line MCF10A and the triple-negative breast cancer cell lines T-47D, MDA-MB-231, and SUM159 evaluated using quantitative reverse transcription polymerase chain reaction (qRT-PCR). (B) Expression of COPS5, HDAC2, and NONO the normal breast epithelial cell line MCF10A and the triple-negative breast cancer cell lines T-47D, MDA-MB-231, and SUM159 analyzed using western blotting. (C) Gray scanning of the protein expression results in (B, D). Analysis of expression of COPS5, HDAC2, and NONO mRNAs in adjacent and tumor tissues of breast cancer samples using qRT-PCR (n = 10 in each group). (E). Analysis of expression of COPS5, HDAC2, and NONO proteins in adjacent and tumor tissues of breast cancer samples using western blotting (n = 10 in each group). (F) Gray scanning of the protein expression results in (E). Error bars represent mean ± SD of three independent experiments. *p < 0.05, **p < 0.01. Student’s t-test.






Discussion

TFs are involved in various human diseases, such as cancers, for which they account for about 20% of all oncogenes identified so far. Currently, studies have shown that TFs might be as new therapy target for cancer in clinical settings by modulating their expression or degradation, blocking protein/protein interactions, or targeting the TF itself to prevent its DNA binding either through a binding pocket or at the DNA-interacting site (4, 24, 25). It is urgent to screen out critical TFs and explore their mechanism in cancers to estimate whether they could be a potential therapy target. In our study, we present for the first time, to our knowledge, the identification of prognosis-related TFs in breast cancer using WGCNA and COX regression analysis. Briefly, WGCNA was used to identify biologically meaningful modules within the key networks involving functionally related TFs in breast cancer. Multiple co-expression modules were constructed combined with breast cancer processing. The yellow module was selected for further analysis because of its strong positive correlation with breast cancer. In order to screened for prognostic TFs, univariate and multivariate COX regression analyses were used to construct and verify the breast cancer prognosis model. Ten prognostic TFs (SIM2, PTMA, NONO, COPS5, HDAC2, ZNF706, ZNF250, ALX3, HNRNPD, and TBPL1) were identified by LASSO regression analysis. Meanwhile, we also analyzed the immune infiltration in the high- and low-risk groups, the results of which demonstrated that resting dendritic and mast cells were significantly higher in the low-risk group. To further isolate the hub TFs from these 10 TFs, we constructed a TF–target gene network, and statistically analyzed the expression level of the 10 TFs in normal and breast cancer samples and determined the survival probabilities for the high- and low-risk groups. Finally, COPS5, HDAC2, and NONO were selected as hub TFs because of their significantly higher expression in breast cancer, lower survival probability in the high-risk group, and specific target genes. We combined WGCNA and COX regression analysis to establish the independent prognostic factor as well as validity of the prognostic model and validated the three hub genes COPS5, HDAC2, and NONO as breast cancer prognosis factors.

As one of the hub genes of breast cancer prognosis, COPS5, also known as JAB1 or CSN5, was initially identified as c-Jun activation domain-binding protein-1 and is aberrantly overexpressed in various human cancers including breast cancer. Previous studies have demonstrated that COPS5 is involved in controlling cell proliferation, cell cycle, apoptosis, DNA damage response, and drug resistance, which are critical processes in tumorigenesis (26–29). The TF–target gene network showed that the target genes of COPS5 in breast cancer were CDKN1B and VEGFA (Figure 5C), which were suggested to block G1 growth induced by COPS5 in MDA-MB-453 cells (30), promote breast cancer progress via the HIF1A signaling pathway, and degrade p53 (31). In this regard, we speculate that COPS5 may regulate VEGFA to promote breast cancer progression, although the mechanism between VEGFA and COPS5 needs to be further explored. Furthermore, COPS5 was found to be involved in breast cancer metastasis as a target gene of miRNA let-7d (32). HDAC2 is an important histone deacetylase that is overexpressed in breast cancer. According to the TF–target gene network, HDAC2 might participate in various cellular processes, such as the EMT (target genes: E-cadherin, Slug, Twist), immunoreaction (target genes: ALOX5, CCL2, CD1D, CXCL8, SP1, TGFBR2), and cell stem (target genes: KLF4, MYC) (Figure 5C). HDAC2 can be recruited by PELP1 to miR-200a and miR-141 promoters and suppress their expression to promote EMT in breast cancer (33). Another study also revealed that the Snail/HDAC1/2 complex was recruited by SREBP1 to repress E-cadherin expression in breast cancer (34). Moreover, HDAC2 transcription is promoted by the YAP/RUNX1 complex to induce chemoresistance and stemness in breast cancer, indicating that HDAC2 plays a role in cell stem progress (35). Consistent with our results, HDAC2 might be involved in the immune response by regulating the expression of proinflammatory genes following stimulation with LPS (36). Moreover, HDAC2 also promoted IFNγ-induced PD-L1 expression to enhance antitumor immunity and tumor proliferation and metastasis (37). More importantly, our recent study demonstrated that the COPS5-associated protein CUL4B could interact with HDAC-containing complexes to promote EMT and stem cell production in breast cancer (38). Additionally, we reported that an epigenetic small-molecule inhibitor of HDACs, PCI-24781, could target RGS2 to reduce cell proliferation, metastasis, and differentiation, resulting in cell death during breast cancer progression (39). Thus, HDACs might serve as a potential therapeutic target for breast cancer. Apparently, NONO is also a prognostic factor of breast cancer. Several studies have indicated that NONO is a factor that controls DNA damage (40), cell proliferation (41), metabolism (42), and drug resistance (43, 44) in breast cancer. In addition, NONO, a nuclear protein, could interact with MSN to phosphorylate CREB and upregulate downstream gene expression as well as promote the progression of breast cancer (44). Furthermore, NONO promoted breast cancer metastasis through induction by lncRNA T-UCRs (45). Thus, we observed that these three hub genes acted as pro-metastatic and prognostic factors in breast cancer; however, the specific mechanism behind this discrepancy requires further investigation.

In the breast tumor microenvironment, intimate mixtures of cancer cells and non-cancer cells subsist. Recent drug trials that target immune checkpoints indicate that infiltrating immune cells, not cancer cells, seems the most likely to improve clinical outcomes and to be effectively targeted by drugs (46, 47). According to the results of our CIBERSORT analysis, the number of resting dendritic and mast cells was significantly higher in the low-risk group. Dendritic cells are professional antigen presenting cells that function as the basis of the adaptive immune response. As antigen-presenting cells, dendritic cells help shape the adaptive immune response (23). Therefore, dendritic cells are being extensively evaluated for their clinical potential as an anticancer immunotherapeutic cell product to induce and/or enhance tumor-specific immune response (48). Mast cells are tissue-resident, innate immune cells that play a key role in the inflammatory response and tissue homeostasis. These cells accumulate in the tumor stroma of different human cancer types, and their increased density has been associated with either good or poor prognosis, depending on the tumor type and stage (49). Mast cells are immune cells present in all classes of vertebrates, which have the capacity to rapidly perceive metabolic and immunologic insults and initiate different biochemical programs of homeostasis or inflammation (50). These cells are recruited into the tumor microenvironment by several tumor cell-derived chemotactic factors such as VEGFs and ANGPT1, and exert pro- or anti-tumorigenic effects depending on tumor type, model, and stage (51–53). One recent study showed that mast cells exhibit diverse functional potential in different cancer types and have higher proportions in most cancer types, supporting the assertion that mast cells accumulate in tumors and play important roles in tumorigenesis and tumor progression (54). Our results might demonstrate that resting dendritic and mast cells might play an anti-tumorigenic role in breast cancer.

In conclusion, our study used a breast cancer dataset from the TCGA database and compared differential TFs between normal and breast cancer samples. WGCNA was used to construct a free-scale network between normal and breast cancer samples to further identify the co-expression yellow module. This module was found to be significantly associated with breast cancer progression. Gene function enrichment and a prognosis-related risk model were performed to identify 10 prognosis-related TFs (SIM2, PTMA, NONO, COPS5, HDAC2, ZNF706, ZNF250, ALX3, HNRNPD, and TBPL1). Moreover, three hub TFs (COPS5, HDAC2, and NONO) were isolated as the prognostic biomarkers of breast cancer through the TF–target gene network, expression profile, and survival probability of the 10 prognosis-related TFs in breast cancer. In addition, these three TFs were verified in multiple databases and human breast cancer cell lines and samples. However, there were some inevitable limitations of our study. First, the target genes of TFs and their molecular mechanism need to be confirmed and explored in vivo and in vitro. Second, other key clinical pathological features, such as metastasis, were not included. Further studies are warranted to explore and demonstrate the molecular mechanism of breast cancer and provide convincing data for clinical treatment of breast cancer.



Materials and Methods


Collection of TF Dataset and Preprocessing of TCGA Data of Breast Cancer Patients

The workflow of data analysis is shown in Figure 8. TFs from the four most common TF databases, JASPAR (http://jaspar.genereg.net/), TRANSFAC (http://gene-regulation.com/pub/databases.html), CISBP (http://cisbp.ccbr.utoronto.ca/), and TRRUST (https://www.grnpedia.org/trrust/), were overlapped and used to construct the dataset. Breast cancer-related raw RNA-seq and clinical data (Table 2) were downloaded from TCGA database (https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga). Differential genes were identified between the tumor and normal samples using the DESeq2 R package, at thresholds of |log2FC| >1 and adj-p <0.05. Thereafter, 459 differential TFs were selected for further analysis by taking the intersection of the TF dataset and the breast cancer differential genes.




Figure 8 | Flow chart of analyses.




Table 2 | TCGA-breast cancer clinical Information.





WGCNA of Differential TFs

WGCNA was run as described previously (22). Briefly, a similarity matrix was constructed using expression data and converted into an adjacency matrix, aij. Next, the adjacency matrix was converted into a TOM as an input for the hierarchical clustering analysis of genes. The most representative genes, module eigengenes (MEs), were the first principal components, representing the overall level of gene expression in individual modules. Finally, the gene significance (GS) was evaluated using other biological information. The expression profile of TFs was used to construct a free-scale network and identify significant modules between normal and breast cancer-related genes to analyze differential genes in these modules.



Gene Function Enrichment of Differential TFs

Functional and pathway enrichment of differential TFs were performed using the KOBAS 3.0 online database (http://kobas.cbi.pku.edu.cn/kobas3). Significantly enriched functions and pathways were visualized by R package ggplot2 with RStudio (Version 3.6.3).



Construction of Cox Regression Model

Differential TF expression profiles in the yellow module were used for single variable Cox proportional risk regression analysis by using “survival” and “survminer” R packages to screen for TFs significantly correlated to breast cancer prognosis (p-value < 0.05). These prognosis-related TFs were included in the LASSO regression analysis by using the “glmnet” R package to remove redundant factors and minimize the variation in the predictive effect of the model. Next, the significant prognosis-related TFs were used to construct the prognostic risk model, and a comprehensive risk prediction model according to the contribution coefficient of each gene to the risk. Finally, in order to further visualize the influence of various factors in the risk model on prognosis, a multivariate Cox regression model was constructed and visualized using the “rms” R package.



Evaluation of Prognosis Model and Validation of Dataset

TCGA-breast cancer data of the risk prediction model were divided into two groups according to the risk value, to test the relationship between the risk value and patient prognosis. Meanwhile, external data (METABRIC) was used to verify the model. The ROC curve and survival curve were visualized using “survivalROC” and “survival” R packages, respectively. A heat map depicting the model-related genes associated with high-risk and low-risk groups combined with the clinical status of patients was constructed using the “heatmap” R package.



Analysis of Immune Infiltration

The CIBERSORT algorithm (http://cibersort.stanford.edu/) was employed to determine the composition of 22 types of immune infiltration-associated cells by analyzing breast cancer tissue expression profiles. CIBERSORT infers immune cell type proportions by using a signature matrix (containing 547 genes) as a reference, which represents the marker genes for each cell type via support vector regression. Pearson correlation analysis was used to obtain the related coefficient between the 22 immune cells. A p-value <0.05 was considered statistically significant.



Construction of the TF–Target Gene Network

Target genes of differential TFs were obtained using the TRRUST transcription database (https://www.grnpedia.org/trrust/). The network graph was visualized and analyzed using Cytoscape (Version 3.6.0).



Cell Culture

The MCF10A, MDA-MB-231, T-47D, and SUM159 cells utilized in this study were purchased from the American Type Culture Collection (Manassas, VA, USA). MCF10A cells were cultured in the base medium for this cell line (MEBM) supplemented with 100 ng/mL cholera toxin. MDA-MB-231 cells were maintained in Dulbecco’s modified Eagle’s medium (DMEM; GIBCO, Invitrogen, Grand Island, NY, USA) supplemented with 10% fetal bovine serum (FBS). T-47D and SUM159 cells were cultured in RPMI 1640 culture medium supplemented with or without bovine insulin. All the cells were maintained in a humidified incubator equilibrated with 5% CO2 at 37°C.



Patients and Samples

Ten patients diagnosed with breast cancer were recruited in this study. All patients received a surgical resection at the National Cancer Center of China. The para-carcinoma and carcinoma tissues were collected immediately after surgery and stored in a preservation buffer at −80°C. Informed consent was obtained from all patients, and the use of clinical samples in this study was approved by the ethics committee of the National Cancer Center of China. The clinical characteristics of the patients are shown in Table 3.


Table 3 | The clinical characteristics of breast cancer patients.





Quantitative Real-Time PCR

Total cellular RNA was extracted from MCF10A, MDA-MB-231, T-47D, and SUM159 cells, as well as breast cancer tissues, using TRIzol reagent (Roche, Basel, Switzerland). cDNA was prepared using the Transcriptor First Strand cDNA Synthesis Kit (Roche, Basel, Switzerland). Relative quantification of select genes was determined via RT-PCR using the ABI PRISM 7500 System (Applied Biosystems). SYBR Green fluorescence was measured and quantified using the comparative Ct method (2-ΔΔCt) with the expression of GAPDH as an internal control. This assay was performed in triplicate. The primers used are listed in Table 4.


Table 4 | The primers for select genes.





Western Blotting

Sample tissues were lysed and grinded in RIPA lysis buffer (Cell Signaling Technology, USA) containing protease inhibitor cocktail (Cell Signaling Technology, USA). Total protein concentrations were determined using the Pierce™ BCA Protein Assay kit (Thermo Scientific, USA). Then, the lysed sample was mixed with an equal volume of 2× SDS-PAGE loading buffer and boiled for 10 min. The resultant materials obtained from tissues were subjected to 10% SDS-PAGE and transferred onto polyvinylidene fluoride membranes. Membranes were blocked and incubated with the appropriate antibodies (Table 5) overnight at 4°C, followed by incubation with secondary antibodies for 1 h at 25°C. Immunoblotting signals were detected using enhanced chemiluminescence (ECL System, Thermo Scientific, USA) according to the manufacturer’s instructions.


Table 5 | The primary secondary antibodies for select genes.





Statistical Analysis

RStudio software (version 3.4.3) and GraphPad prism (version 8.0) were used to analyze the data of our study. Results are presented as the mean ± standard deviation (SD) from at least three independent experiments. Student’s t-test of variance was performed to compare the difference between two groups, and one-way ANOVA was used to analyze data between more than two groups. A p-value <0.05 was considered statistically significant.
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Triple-negative breast cancer (TNBC) is an aggressive subtype of breast cancer that has few effective treatment options due to its lack of targetable hormone receptors. Whilst the degree of tumour infiltrating lymphocytes (TILs) has been shown to associate with therapy response and prognosis, deeper characterization of the molecular diversity that may mediate chemotherapeutic response is lacking. Here we applied targeted proteomic analysis of both chemotherapy sensitive and resistant TNBC tissue samples by the Nanostring GeoMx Digital Spatial Platform (DSP). By quantifying 68 targets in the tumour and tumour microenvironment (TME) compartments and performing differential expression analysis between responsive and non-responsive tumours, we show that increased ER-alpha expression and decreased 4-1BB and MART1 within the stromal compartments is associated with adjuvant chemotherapy response. Similarly, higher expression of GZMA, STING and fibronectin and lower levels of CD80 were associated with response within tumour compartments. Univariate overall-survival (OS) analysis of stromal proteins supported these findings, with ER-alpha expression (HR=0.19, p=0.0012) associated with better OS while MART1 expression (HR=2.3, p=0.035) was indicative of poorer OS. Proteins within tumour compartments consistent with longer OS included PD-L1 (HR=0.53, p=0.023), FOXP3 (HR=0.5, p=0.026), GITR (HR=0.51, p=0.036), SMA (HR=0.59, p=0.043), while EPCAM (HR=1.7, p=0.045), and CD95 (HR=4.9, p=0.046) expression were associated with shorter OS. Our data provides early insights into the levels of these markers in the TNBC tumour microenvironment, and their association with chemotherapeutic response and patient survival.
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Introduction

Breast cancer (BC) is the most commonly diagnosed form of cancer and is the leading cause of cancer related mortality in women worldwide (1). The molecular subtypes of BC have distinct pathological features and are characterised by amplification of their hormone receptors, estrogen receptor (ER), progesterone receptor (PR) and human epidermal growth factor 2 (HER2), or the absence thereof in triple-negative BC (TNBC) (2, 3). Treatment strategies for ER/PR positive and HER2-positive breast cancer include hormone targeted therapies like tamoxifen (4, 5), aromatase inhibitors (6) and HER-2 specific monoclonal antibody, trastuzumab (7) which are often used in combination with chemotherapeutic agents like paclitaxel (8).

TNBC, however, which accounts for 15% of diagnosed breast cancers, lacks these key targets, and as such remains difficult to treat with current generations of therapies (9). Standard treatment for TNBC include anthracycline, taxane and platinum-based regimens (2). In patients with advanced TNBC and chemotherapy resistant tumours, PARP inhibition and immunotherapy have been gaining traction (10), while patients with metastatic TNBC with BRCA1/2 deficiency, can respond well to PARP inhibitors including Olaparib and Talazoparib (11, 12).

Methods to stratify TNBC patients are currently lacking, however elevated levels of tumour infiltrating lymphocytes (TILs) have been shown to indicate favourable response to chemotherapy, particularly for TNBC and HER-2 positive patients (13, 14). TNBC tumours are considered to be the most immunogenic BC subtype, and display expression of programmed cell death ligand 1 (PD-L1) on both tumour and immune cells, and increased TIL infiltration (15, 16). TNBC tumours also display a higher burden for non-synonymous mutations that are capable of inducing T-cell anti-tumour responses (17). Anti PD-1 antibody pembrolizumab has received accelerated approval from the FDA for PD-L1 positive TNBC patients in combination with chemotherapy (18). Clinical trials with existing immunotherapies in combination with approved chemotherapies and targeted therapies, like PARP inhibitors, and those investigating novel immunotherapy agents are currently in progress (16).

To garner insight into the properties of TNBC that may benefit therapy stratification, a greater understanding of the TIL repertoire within the tumour microenvironment is necessary. The cellular composition of, and the interactions that occur within this niche between cancer cells and the host immune components are likely to influence disease progression. In this study we have used the Nanostring GeoMX Digital Spatial Profiler (DSP) to gain tumour and stroma compartment specific protein expression profiles of TNBC tumours. Our data indicates the utility of such multiplex approaches to discover the properties of primary tumours that may lead to their propensity to progress despite treatment, thereby distinguishing those patients most likely to respond.



Materials and Methods

This study has Queensland University of Technology Human Research Ethics Committee Approval (UHREC #2000000494). A tissue microarray (TMA) containing twenty-four triple negative breast cancer specimens with clinicopathological findings was obtained in collaboration with Tristar Technology Group (USA). The cohort was comprised of patients with histological grade 3 invasive ductal carcinoma who received first-line FEC (5-fluoruracil, epirubicin and cyclophosphamide) adjuvant chemotherapy. Patients were defined by complete response (CR), where no evidence of disease was found during subsequent follow up, while progressive disease (PD) patients were refractory to treatment and subsequently succumbed to disease within the follow-up period.


Nanostring GeoMX Digital Spatial Profiling (DSP)

The TNBC TMA slides were stained and analysed on the Nanostring GeoMx® Digital Spatial Profiling (DSP) platform by the Systems Biology and Data Science Group at Griffith University (Gold Coast, Australia). Visualisation markers consisted of Pan-cytokeratin and CD45. Protein panel consisted of 68 antibodies including human immune cell core panel, immuno-oncology (IO) drug target, immune activation, immune cell typing, pan-tumour, cell death, and PI3K/AKT panels. Slides were processed as per manufacturer’s instructions and tumour/stroma demarcated by masking on PanCK+ or PanCK- regions, respectively. Antibody barcodes were counted on Ncounter® platform as per manufacturer’s instructions and External RNA Controls Consortium (ERCC) QC performed in DSP analysis suite prior to outputting data for bioinformatic analysis.



Bioinformatic Analysis

Data analysis was performed by Queensland Cyber Infrastructure Foundation (QCIF, Qld, Australia). Data was evaluated by principal component analysis and coefficients of variation were assessed to determine suitability of the RUV-III normalisation method (19, 20). Differential analysis was performed within Limma packages (21) and sparse partial least squares-discriminant analysis (sPLS-DA) was performed within mixOmics package (22). The Kaplan-Meier survival analysis and Cox proportional hazards models was constructed within R studio (23) using Survival package (24) and plots generated by ggplot2 (25).




Results


TNBC Cohort

To identify proteins that influence disease progression in response to chemotherapy, we evaluated a cohort of TNBC tissue samples from women undergoing adjuvant chemotherapy in collaboration with TriStar Technology Group (USA). Our annotated tissue microarray (TMA) with 8.5-year follow-up data included 15 cases without relapse (responders) following therapy versus 9 cases with tumour relapse (non-responders) (Table 1). All non-responsive patients subsequently succumbed to metastatic disease following surgery within the follow-up period time, while responders remained alive (Figure 1A). One non-responsive patient with progressive disease was censored at final follow up time point.


Table 1 | Clinicopathological details of the TNBC patient cohort.






Figure 1 | Adjuvant chemotherapy cohort and regions captured by Nanostring GeoMX Digital Spatial Profiling protein assay. (A) Kaplan-Meier survival curve of TNBC cohort which consisted of 15 patients who responded to chemotherapy (red line) and 9 patients who relapsed and succumbed to disease within follow-up time (blue line). (B, C) Spatial profiling was performed on PanCK+ (Tumour) and PanCK- (Stroma) areas. Green = PanCK, Red=CD45.





Identification of Differentially Expressed Proteins by the Nanostring GeoMX DSP Assay

We compared the two groups of patient chemotherapy responders and non-responders by performing multiplex proteomics using the Nanostring GeoMx® Digital Spatial Profiling (DSP) platform. We identified key deregulated proteins within the tumour and stromal compartments independently by masking on PanCK+/PanCK- regions, respectively. (Figures 1B, C). Analysis of the PanCK- stroma within each core indicated higher expression of estrogen receptor alpha (ERα) in responsive patients, with concurrent decreased levels 41BB and MART1 (Figures 2A, B). Differential analysis of tumour compartments indicated the enrichment of GZMA, STING and fibronectin in responsive patients, while CD80 levels were higher within refractory tumours (Figures 2C, D).




Figure 2 | Differential protein expression comparing relapse and complete response. (A) Upper panel. Volcano scatter plot showing stromal enrichment of log2 fold change in proteins from responders (left half) vs non-responders (right half) ranked by significance (-log10 P value). Lower panel. List of top three significant deregulated proteins ranked by P value. (B) Boxplots indicating enrichment of 41BB and ERα in non-responders and responders, respectively. (C) Upper panel. Volcano scatter plot showing tumour region enrichment of log2 fold change in proteins from responders (left half) vs non-responders (right half) ranked by significance (-log10 P value). Lower panel. List of top four significant deregulated proteins ranked by P value. (D) Boxplots indicating enrichment of CD80 and GZMA in non-responders and responders, respectively.





Prognostic Benefit of Proteins Between Responder/Non-Responder Patient Groups

We next sought to investigate the associations between our protein expression data and overall survival (OS). Cox regression indicated DE protein ERα (HR=0.19, p=0.0012) and GITR (HR=0.24, p=0.043) within the stroma to be associated with better prognosis, while DE protein MART1 (HR=2.3, p=0.035) indicated poorer outcome (Figure 3A). Interestingly, stromal PD-L1 (HR=0.46, p=0.059) expression demonstrated a trend for improved outcome.




Figure 3 | Identification of proteins with prognostic associations for treatment of TNBC with adjuvant chemotherapy. (A) Forest plot showing hazard ratio and 95% confidence interval for stromal proteins that possessed overall survival associations. (B) Forest plot showing hazard ratio and 95% confidence interval for tumour proteins that possessed overall survival associations. HR>1 indicates association with poorer outcome.



Notably, evaluation of tumour compartments showed little consistency with DE results, with the expression of PD-L1 (HR=0.53, p=0.023), FOXP3 (HR=0.5, p=0.026), GITR (HR=0.51, p=0.036), SMA (HR=0.59, p=0.043) implicated in improved outcome. Conversely, tumour EPCAM (HR=1.7, p=0.045), and CD95 (HR=4.9, p=0.046) were associated with poorer outcome.

To further investigate factors which influenced disease progression, we utilised a multivariate analysis by sparse partial least-squares discriminant analysis (sPLSDA) to identify a minimal signature that distinguishes TNBC therapy response. sPLSDA is a statistical method to identify directionally weighted features that collectively discriminate groups of samples. Signatures within tumour (Figure 4A) and stroma (Figure 4B) compartments were able to effectively stratify patients by response to therapy. Our tumour compartment specific multivariate signature for response was largely consistent with the DE results (Figure 4C), comprising higher levels of fibronectin, GZMA and STING and lower EPCAM and CD80 (AUC = 0.875) (Figure 4E). Interestingly, NF1, a negative regulator of the RAS/MAPK pathway almost solely comprised a second tumour signature, indicative of therapy response (AUC=1) (Figure 4F). Similarly, a stromal signature composed solely of ERα was indicative of response (Figure 4D) (AUC=0.925) (Figure 4G). A second multivariate stromal signature composed of T cell costimulatory agent 41BB as well as CD8, CD45, CD3, CD4 with apoptotic regulators BAD and BCLXL also discriminated response (AUC=0.95) (Figure 4H). Our discovery data suggest that we have identified a potential unique multi-protein signature to identify those TNBC tumours most likely to respond to adjuvant chemotherapy.




Figure 4 | A multi-protein signature discriminates TNBC tumours with complete response to adjuvant chemotherapy. (A, B) sPLSDA discrimination of samples by optimal protein signatures in tumour (A) and stroma (B). (C, D). Component features of each signature in tumour (C) and stroma (D, E–H) ROC curve performance of each signature to discriminate patient response groups.






Discussion

Breast cancer is a heterogenous disease, wherein the TNBC subtype demonstrates a particular refractory response to treatment due to lack of canonical hormone directed targets. TIL infiltration in TNBC has been shown to be a key predictor of response to neoadjuvant chemotherapy (13), in addition to forming the basis for efficacy of current generations of immune checkpoint inhibitors that reinvigorate anti-tumour immune activity. Despite this, little is known regarding relative levels of TIL subsets, and the greater immune composition in TNBC tumours. Thus, an opportunity to investigate these properties and their relationship with clinical outcomes exists. Here we evaluated a preliminary cohort of TNBC tumours from patients that responded to adjuvant chemotherapy and compared them to those that exhibited treatment resistance resulting in progressive disease.

To the best of our knowledge, this is the first study employing proteomic DSP to examine the TNBC tumour microenvironment to discern chemotherapy treatment outcomes. Herein, we extend earlier spatial studies (26) by identifying differentially expressed proteins and protein signatures that associate with prognosis and treatment response. However, our study has a number of limitations. For example, our findings require validation in larger independent retrospective cohorts of TNBC tumours, and in future, trialling within prospectively collected tissues. Moreover, our findings could be further examined in cohorts of neoadjuvant chemotherapy, an established therapy modality in TNBC, and associated with pathological complete response (pCR) (27–29). Future investigations should also utilise orthogonal approaches (immunohistochemistry) to qualify abundance of TIL infiltration and validate experimental findings from the DSP platform (30). Furthermore, biological characterisation and validation of putative targets within immunocompetent murine models is required to delineate their cellular roles in chemotherapeutic response. Nonetheless, our findings putatively identify tumour and stroma compartment-specific proteins that may have prognostic and therapy outcome implications in archival FFPE tissue taken routinely during cancer treatment.

Differential analysis implicated increased stromal ERα and decreased MART1 and 41BB to be associated with response. ERα is typically expressed by luminal breast epithelial cells and forms an axis of hormone directed therapy. Its role within human stromal cells is relatively poorly defined (31), however ERα expression in cancer associated fibroblasts (CAFs) has been observed (32), and its activation has been implicated in the promotion of pro-tumorigenic angiogenesis in breast tumours (33). Its stromal upregulation in responding patients (Figure 2) and association with a favourable therapy response (Figures 3, 4) might indicate that such angiogenesis also benefits chemotherapy delivery, thereby improving drug efficacy. 4-1BB, TNF receptor superfamily 9 (TNFSR9) is responsible for effector CD8 T cell function and survival, and its suppression in responding patients in our data suggests some moderation of T cell activity (34). Consistently, our findings identified the association of stromal GITR expression with favourable therapy response (Figure 3). Activation of this TNFR superfamily member is co-stimulatory for T cell proliferation and anti-apoptotic cell survival (35, 36). Our findings suggest that expression of these factors, at least within the stroma, participate in subtle modulation of T cell activity to impact TNBC therapy response.

Our study additionally identified that within the tumour compartments, responding patients exhibited higher levels of GMZA, STING and fibronectin and reduced levels of CD80 (Figure 3). Furthermore, our analysis demonstrated that each of these proteins contributed to a multi-protein signature discerning between chemotherapy responsive and nonresponsive tumours (Figure 4). Of these proteins, granzyme A (GZMA) is a key cytolytic protease for cytotoxic activity of CD8+ T cells and NK cells (37), while STING acts as a cytosolic DNA sensor that induces production of interferon α/β. Accordingly, recent clinical evaluation of the DNA damage Immune Response (DDIR) Signature, which is representative of cGAS-STING activation (38), demonstrated that in chemotherapy treated TNBC, DDIR positivity associated with improved overall survival and disease free survival (39). Taken together, our findings are consistent with increased immune cell recruitment and activation, promoting immuno-reactive functions that potentially synergise with chemotherapy, resulting in enhanced response.

Further to our proteomics analysis of tumour compartment proteins, it is worth noting that the survival-associated proteins appeared independent of those proteins found through our differential analysis. This is unlike the proteins enriched within the stomal compartment of patient responders that were largely associated with longer OS. Within the tumour compartment, those tumours with increased levels of PD-L1, FOXP3 and GITR expression were associated with longer OS (Figure 3). These findings point to a potential beneficial role for T-regs and infiltration of GITR expressing TILs in modulating immune activity for patient survival. Similarly, our observation that tumour cell PD-L1 expression in TNBC is positively associated with improved OS is consistent with published findings (15, 40). Furthermore, PD-L1 positive disease displayed improved OS in response to anti-PD-L1 immunotherapy in phase III IMpassion130 trial (41), and has subsequently shown improved outcome in response to combination therapies (18).

In addition to our study, other deep profiling methods to evaluate TIL subtypes and cellular markers associated with therapy response in TNBC have included multiplex imaging (42), bioinformatic deconvolution of bulk public mRNA data (43, 44), and RNAseq of tumours stratified by CD8+ TIL abundance (45, 46). Our data here provides an additional layer of insight into TNBC tumour composition. Future investigations may benefit from larger TNBC cohorts stratified by TIL abundance to further delineate immune cell roles in therapy response.

In summary, we have shown the utility for spatially mapping the tumour microenvironment in TNBC to identify putative markers associated with response and resistance to adjuvant chemotherapy. Whilst preliminary, the data supports further investigation and validation of the identified biomarkers which can be of prognostic utility for TNBC. The integration of spatial proteomic datasets, using approaches as described in this manuscript, are highly novel and like to lead to the identification of novel biomarkers for TNBC.
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Breast cancer lung metastasis has a high mortality rate and lacks effective treatments, for the factors that determine breast cancer lung metastasis are not yet well understood. In this study, data from 1067 primary tumors in four public datasets revealed the distinct microenvironments and immune composition among patients with or without lung metastasis. We used multi-omics data of the TCGA cohort to emphasize the following characteristics that may lead to lung metastasis: more aggressive tumor malignant behaviors, severer genomic instability, higher immunogenicity but showed generalized inhibition of effector functions of immune cells. Furthermore, we found that mast cell fraction can be used as an index for individual lung metastasis status prediction and verified in the 20 human breast cancer samples. The lower mast cell infiltrations correlated with tumors that were more malignant and prone to have lung metastasis. This study is the first comprehensive analysis of the molecular and cellular characteristics and mutation profiles of breast cancer lung metastasis, which may be applicable for prognostic prediction and aid in choosing appropriate medical examinations and therapeutic regimens.
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Introduction

Breast cancer is one of the leading causes of cancer death among women worldwide (1). Most breast cancer-induced deaths are caused by distant metastases which become lethal even after the primary tumors have been excised (2). However, at initial diagnosis, breast cancer patients often show rare signs of disseminated disease, yet up to 20% of patients ultimately develop distant metastasis (3). Breast cancer is prone to metastasize to the liver, bone, lung, brain and distant lymph nodes. Lung metastasis is reported to have a mortality rate of 60-70%, and current treatments for metastatic breast cancer are not that appropriate and effective (4). Advances in potentials drugs aiming at refraining lung metastasis have been seen (5), which surges the need to identify breast cancer patients who are more likely to develop lung metastases in order that they can benefit from early diagnosis following prevention treatments.

In clinical practice, the tumor node metastasis (TNM) staging system and the metastatic status of lymph nodes are standard diagnostic criteria for risk stratification in breast cancer patients. However, the clinical outcomes can be diverse for breast cancer patients with the same stage (6). It has been reported that nearly one-third of breast cancer patients that have not spread to the lymph nodes eventually develop distant metastases, and about one-third of breast cancer patients who develop lymph nodes metastases remain free of distant metastases 10 years after local treatment (7). The TNM staging system is primarily based on anatomy, which lacks biological changes that occurred in breast cancer. In addition, the mechanisms of hematogenous dissemination and lymphatic dissemination are dissimilar. These aforementioned reasons might explain the unsatisfactory prediction capability of the TNM staging system and the metastatic status of lymph nodes. Therefore, novel approaches to identify breast cancer patients who are prone to develop lung metastasis are needed.

Tumor metastasis consists of a cascade of complicated events, and successful metastatic colonization mainly relies on the inherent nature of the primary tumor cells (8). It has been reported that most metastatic drivers can be found in the primary tumor (8), and plenty of lung metastasis-related genes can facilitate both within the breast and the lung proliferation (9, 10). Primary tumors can also affect metastasis by regulating both systemic and secondary tumor microenvironment before and after dissemination (11). These findings indicate that we may prevent distant metastasis by targeting drivers of metastasis which are already existed in the primary tumors, which emphasizes the significance of analyzing data of primary tumors (12). In addition, it is of great clinical validity and potential utility for doctors to predict distant metastasis by evaluating primary tumors.

Tumor-infiltrating lymphocytes (TILs) can usually be found both in the stroma and the parenchyma of the tumor. TIL status has been proposed to independently predict patients’ prognosis, lymph nodes metastasis status, and treatment responses (13, 14). Generally, TILs are believed to reflect the mutation burden and the immunogenicity of tumors. However, the characteristics of immune infiltration in breast cancer metastasis to the lung and its relation with mutation burden are still unclear.

Mast cells are innate immune cells, which are characterized by their granules of inflammatory mediators, which are mainly known for their roles in allergic responses (15). Mast cells scatter in the stroma of breast tumors, and their functional and prognostic significances remain controversial, with evidence of both pro-and anti-tumoral roles (16).

Hence, the present study aimed to clarify the immune composition, hub genes, and mutational characteristics that drove breast cancer metastasis to the lung from public multi-omics datasets. Breast tumors that developed lung metastasis had distinct immune compositions, more aggressive malignant behaviors, severer genomic instability, higher immunogenicity but showed generalized inhibition of effector functions of immune cells. We also identified mast cell fraction as a prediction index of the status of lung metastasis in breast cancer patients. The low mast cell fractions defined breast tumors that were highly proliferative, with higher mutation burdens, and were prone to have lung metastasis.



Materials and Methods


Datasets Selection

To define the microenvironment characteristics of primary tumors that developed lung metastasis later, four published datasets with matched clinical and mRNA data were incorporated. The inclusion criteria being: (1) patients had intact mRNA and clinical data; (2) patients developed lung metastasis or without metastasis. 479 of 1302 breast cancer patients from the METABRIC in the European Genome-phenome Archive (https://www.ebi.ac.uk/ega/home, RRID: SCR_004944) were incorporated according to the inclusion criteria (17) (Supplementary Table 1). 448 of 1109 breast cancer patients from the TCGA dataset (https://portal.gdc.cancer.gov/, RRID: SCR_005012) were incorporated according to the same inclusion criteria (Supplementary Table 1). 82 and 58 patients from GSE2603 and GSE5327 in gene expression omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/, RRID: SCR_005012) (9, 18) were also enrolled in this study (Supplementary Table 1). Demographics of the patients chosen for the study was shown in Table 1. The mutation data detected by the VarScan software (http://tvap.genome.wustl.edu/tools/varscan/, RRID: SCR_006849) of the TCGA cohort were downloaded from Genomic Data Commons Data Portal (GDC Data Portal) (https://portal.gdc.cancer.gov/, RRID: SCR_014514). We found matched mutation data of 399 breast cancer patients among 449 patients mentioned above.


Table 1 | Demographics of the patients chosen for the study.



The method of acquisition and application conformed to the guidelines and policies.



Human Samples

Twenty tissue paraffin sections of breast cancer patients were obtained with approval from the ethics review committee of the Second Affiliated Hospital of Zhejiang University School of Medicine (IR2020001354) and each patient signed the informed consent (Supplementary Table 2). The study methodologies conformed to the standards set by the Declaration of Helsinki. The 8 samples among the no-metastasis group were with follow-up up to 10 years free of recurrences or distant metastasis.



Calculation of Cell Abundance in the Tumor Microenvironment

The xCell algorithm was used to estimate the cell fractions of a tumor from its mRNA gene expression data (19). The relative abundance of 64 immune and stromal cell types of breast cancer patients in the above four cohorts was calculated.



Gene Set Enrichment Analysis (GSEA)

To identify gene sets upregulated in the lung metastasis group, GSEA was performed with GSEA software (http://www.broadinstitute.org/gsea/, RRID: SCR_003199) from Broad Institute (20). Statistically significant cancer and metastasis-related gene sets (p < 0.05) were represented.



Weighted Correlation Network Analysis (WGCNA)

The immune-related genes (IRGs) were retrieved from the immunology database and analysis portal (ImmPort) database (https://www.immport.org/home, RRID: SCR_012804) (21). WGCNA analysis was carried out with the transcription data of 1719 IRGs in the GSE2603 cohort. WGCNA was accomplished with the R package ‘WGCNA’ (RRID: SCR_003302) (22, 23). Gene significance evaluated the relation of each gene with lung metastasis, and module membership indicated the correlation between gene expression profiles and module eigengenes. With a power = 4 as the optimal soft-thresholding power to ensure a scale-free co-expression network, a total of 7 non-grey modules were generated. Among these modules, the yellow module showed the highest correlation with breast cancer lung metastasis (Supplementary Table 3).



Identification of Differentially Expressed Genes

82 breast cancer patients in the GSE2603 dataset were divided into two groups according to their metastasis status: the lung metastasis group and the no metastasis group. The genes with a p < 0.05 were defined as differentially expressed genes between the two groups. A total of 2,178 differentially expressed mRNAs (DEmRNAs) were found using the ‘LIMMA’ package of R (24)(LIMMA, RRID: SCR_010943) (Supplementary Table 4).



Mutation Landscape Visualization

The mutation data for 383 breast cancer patients without metastasis and 13 breast cancer patients with lung metastasis in the TCGA cohort were available. The synonymous variants were filtered out. The ‘maftools’ package of R (25) was used for mutation spectrum visualization.



Tumor Immunogenicity Analysis

The neoantigen load and its origin clonal information, mutation load, somatic copy number alterations (SCNAs) level, homologous recombination defects (HRD), intratumor heterogeneity, cancer testis antigens (CTA) score, T cell antigen receptor (TCR) evenness score, proliferation score, wound healing score, the number of segments, fraction altered, and aneuploidy score for each sample in the TCGA cohort were downloaded from the Supplementary Data of a previous study (26). The immunophenoscore (IPS) score for each sample in the TCGA cohort was obtained from The Cancer Immunome Database (TCIA) project (https://tcia.at/, RRID: SCR_014508) (27). For the neoantigen origin proteins that occurred only in the breast tumors metastasis to the lung, the association between these neoantigen origin proteins was investigated with the GeneMANIA plugin (http://genemania.org/, RRID: SCR_005709) in the Cytoscape software (28).



Lung Metastasis Prediction

The receiver operating characteristic (ROC) curve was used to identify the optimal cut-off point and to stratify patients into the low mast cell group and the high mast cell group in four cohorts (Supplementary Table 5). In order to compare the survival difference between the two groups, the Kaplan-Meier (KM) survival analysis with a log-rank test was implemented in four cohorts. Meta-analysis (I2<30%, fixed-effects model) was performed to evaluate the predictive value of mast cell fraction in the pooled cohort. The ROC curves were implemented to evaluate the sensitivity and specificity of mast cell fraction, age at diagnosis, tumor size, positive lymph nodes number, grade, TNM staging system, and the signature reported by another study for predicting lung metastasis in four cohorts (29). The areas under the receiver operating characteristics curve (AUC) of the above predictive parameters were also calculated to compare the discriminatory capacity in four cohorts.



Functional Enrichment Analysis

The Venn diagram was used to find the overlap between genes in the yellow module and DEmRNAs, which were regarded as hub genes for the subsequent functional enrichment analysis. Gene ontology (GO) enrichment analysis was performed using the ‘clusterProfiler’ package of R (http://bioconductor.org/packages/release/bioc/html/clusterProfiler.html, RRID: SCR_016884) (30, 31).



Immunohistochemistry (IHC)

Paraffin-embedded blocks were prepared, and 4-μm-thick sections were cut. Paraffin sections were deparaffinized, and antigenic retrieval was performed using Tris-EDTA (pH = 9) buffer in the thermostatic bath at 98° for 30 minutes (32). An IHC staining kit was used (Absin, Shanghai, China) as directed by the manufacturer. To evaluate the contents of mast cells in tumors, an anti-mast cell tryptase antibody was purchased from Cell Signaling Technology (E7M2U). All images were taken under the 10X objective lens by using Leica microsystems. Images of at least five random fields for each tumor sample were taken as TIFF files. Evaluation of immunohistochemical staining was carried out blinded to the clinicopathological characteristics.



Repurposing of CMAP and FDA−Approved Drugs Against Breast Cancer Lung Metastasis

Drug repurposing of Broad Institute’s Connectivity Map (CMAP) (https://clue.io/, SCR_016204) drugs for the breast cancer lung metastasis was conducted on the genes common to the breast cancer lung metastasis-related gene list and the CMAP perturbation signatures (33). Breast cancer lung metastasis “signature” specific to the lung metastasis subgroup was chosen by selecting 150 significantly up-and down-regulated genes and hub genes mentioned above. The breast cancer lung metastasis signature was compared against drug perturbation signatures to find drugs that could reverse the breast cancer lung metastasis signature, that is to say, might be a potential therapeutic target for the breast cancer lung metastasis subgroup. The top 20 possible drugs were presented in the heatmap, which included the information about scores of 20 drugs’ effects on 9 cell lines, drugs names, and their descriptions. Negative scores (blue in the heatmap) indicated a competence for a given drug to reverse the breast cancer lung metastasis signature. The list of Food and Drug Administration (FDA)-approved drugs and their targets were downloaded from a former study (34).



Statistical Analysis

All of the statistical analyses were conducted with the SPSS software (http://www-01.ibm.com/software/uk/analytics/spss/, RRID: SCR_002865) and R software (version 4.0.0; http://www.Rproject.org, RRID: SCR_001905). The continuous variables between two subtypes were compared using the two-sided Wilcoxon rank-sum test. The correlation between the two sets of quantitative data was calculated by the Spearman coefficient. All the tests were P<0.05, and two-sided was regarded as indicating significance unless otherwise stated.




Results


The Immune Landscape of the GSE2603 Cohort Suggested Breast Cancer Patients With or Without Lung Metastasis Had Distinct Immune Cell Infiltrations

To explore the microenvironment of primary tumors with or without lung metastasis, we estimated the relative abundance of 64 immune and stromal cell types of breast cancer patients in the GSE2603 cohort (Figures 1A, B and Table 1) (19). The correlation analysis was performed to see the distribution pattern of 51 cell types in the tumor microenvironment (Supplementary Figure 1). Among TILs, CD4+ T cells, CD4+ naïve T cells, CD8+ T cells, eosinophils, and mast cells were found to be significantly enriched in breast cancer patients without lung metastasis, while pro B cells, neutrophils, and Th2 cells were significantly enriched in breast cancer patients with lung metastasis (Figure 1C). Immune genes related to cytotoxic T lymphocyte (CTL) signature, human leukocyte antigen (HLA) molecules, interferon (IFN) gamma signature, immuno-inhibitory genes, and immuno-stimulatory genes were specifically compared between the two groups (Supplementary Figure 2). Genes related to CTL and IFN gamma, including CD8A, CD8B, and CXCL9, expressed highly in the no metastasis group. Higher expression levels of HLA molecules like HLA DOA and HLA DPB1, together with immuno-stimulatory genes like ICOS, IL2RA, IL6R, and TNFSF13 were found in the lung metastasis group (Figure 1D). The expression levels of chemokines in the two groups were also examined (Supplementary Figure 2). The lung metastasis group expressed higher levels of CCL13, CCL18, CXCL1, CXCL6, HTN3, and SEMA4F, while the no metastasis group expressed higher levels of CCL19, CXCL12, CXCL14, CXCL9, and SEMA3F (Figure 1E). The lung metastasis group and the no metastatic group have different chemokine profiles, which may be the cause of the varying immune cell infiltrations in these two groups.




Figure 1 | The immune landscape of the GSE2603 cohort. (A) Relative proportions of immune and stromal cell infiltrations in no-metastasis and lung-metastasis patients in the GSE2603 cohort. (B) Heatmap of the proportions of 64 cell types in no-metastasis and lung-metastasis patients in the GSE2603 cohort. (C) Violin plot showing the differences of each type of immune cell abundance between no-metastasis patients and lung-metastasis patients. Comparison of the mRNA expression fold changes of (D) cytotoxic T lymphocyte level signature, HLA molecules, IFN gamma signature, immuno-inhibitory genes, immuno-stimulatory genes, and (E) chemokines between no-metastasis and lung-metastasis patients. The fold change is the mRNA relative value to the mean of the whole cohort. Significantly differentially expressed genes were shown. DC, dendritic cells; MPP, multipotent progenitors; Tem, effector memory T cells; CMP, common myeloid progenitors; MEP, megakaryocyte erythroid progenitors; GMP, granulocyte-macrophage progenitors; Tregs, regulatory T cells; HSC, hematopoietic stem cells; Tcm, central memory T cells; mv endothelial cells, microvascular endothelial cells; ly endothelial cells, lymphatic endothelial cells; MSC, mesenchymal stem cells; aDC, activated dendritic cells; pDC, plasmacytoid dendritic cells; cDC, conventional dendritic cells; iDC, immature dendritic cells; Th2 cells, type 2 T helper cells; CLP, common lymphoid progenitors; Th1 cells, type 1 T helper cells; NKT, natural killer T cells; Tgd cells, gamma delta T-cells; CTL, cytotoxic T lymphocyte; IFN, interferon; HLA, human leukocyte antigen.





The Mutation Landscape of the TCGA Cohort Suggested Breast Cancer Patients With or Without Lung Metastasis Had Distinct Mutated Genes

Generally speaking, malignant tumors that were prone to have distant metastasis had higher mutation burdens (14). We plotted the heatmap of the top 30 highly mutated genes in the primary tumors of breast cancer patients developed lung metastasis in the TCGA cohort (Figure 2A). TP53 was the most frequently mutated gene. TP53 and TTN, PER3 were detected to be mutually exclusive gene sets, while PIK3CA, VAC14, KMT2C, FLG2, ERBB3 tended to co-occur. MUC4, PLXNA3, and NALCN also tended to co-occur. ITPR2 and CHD6, FMN2 and WDR17 also formed co-occurring pairs (Figure 2B). Among the variants, missense mutation ranked first, followed by nonsense mutation and frameshift deletion. Single nucleotide polymorphisms (SNP) accounted for most of the variants (Figure 2C). Differentially mutated genes between the no metastasis group and the lung metastasis group were explored. 9 genes were significantly mutated highly in the lung metastasis group (Figure 2D and Supplementary Table 6), including TP53. However, there was no difference in the mutation load between the two groups (Supplementary Figure 3A). Though there was no difference in the mutation load between the breast cancer patients with or without lung metastasis, yet the two groups showed different mutation profiles.




Figure 2 | The mutation landscape of breast cancer patients with lung metastasis in the TCGA cohort. (A) Color-coded matrix of the top 30 most frequently mutated genes in breast cancer patients with lung metastasis (n=13). (B) Matrix of mutually exclusive or co-occuring mutational events. (C) Bar charts of variants classification and type. (D) Forest plot with x-axis as log10 converted odds ratio and differentially mutated genes between the no metastasis group and the lung metastasis group on the y-axis. *: p < 0.05.





Breast Cancer Metastasis to the Lung Tends to Have More Malignant Characteristics and Less Intense Immune Responses

We then compared other parameters to find the factors involved in breast cancer metastasis to the lung. The SCNA level was higher in the lung metastasis group (Supplementary Figure 3B). HRD and intratumor heterogeneity were comparable in the two groups (Supplementary Figures 3C, D). Tumor mutation could generate neoantigens, thereby attracting immune cells to the tumor microenvironment. However, there was no difference in the single-nucleotide variant (SNV) neoantigen levels between the two groups (Supplementary Figure 3E). CTA, which was also able to stimulate immune responses, was found to be higher in the lung metastasis group (Supplementary Figure 3F). IPS scores, as an immune response predictor, were comparative in the two groups (Supplementary Figure 3G). The higher TCR evenness score in the lung metastasis group suggested the decreased diversity of TCR compared to the no metastasis group (Supplementary Figure 3H). The neoantigen origin proteins that occurred only in the lung-metastasis group were enriched in “cell-cell junction assembly”, “apical junction assembly”, and “cytoplasmic pattern recognition receptor signaling pathway” (Supplementary Figures 4A, B). Previously, adhesion and extracellular matrix molecules were reported to promote metastasis of disseminating cancer cells, including lung metastasis (35).

GSEA analysis of breast cancer patients in the GSE2603 cohort showed 13 significant terms associated with lung metastasis, including hallmarks of cancer “glycolysis”, “hypoxia”, “ATF4 activates genes in response to endoplasmic reticulum stress”, “abnormality of the mitochondrion”, “negative regulation of cell aging”, “positive regulation of cell migration involved in sprouting angiogenesis”, “positive regulation of blood vessel endothelial cell migration”, “unfolded protein response UPR”; lung metastasis-related pathways “mTORC1 signaling”, “SMID breast cancer relapse in lung up”; and pathways suggested failed immune responses “BTLA pos vs neg intratumoral CD8 T cell up”, “cellular response to dexamethasone stimulus”, “tumor escape from immune attack” (Supplementary Figure 5).

In general, breast cancer metastasis to the lung tended to have more malignant characteristics, yet failed to activate more intense immune responses.



Immune-Related Hub Genes Participated in Breast Cancer Lung Metastasis

WGCNA analysis was carried out with the transcription data of 1719 IRGs in the GSE2603 cohort. With a power = 4 as the optimal soft-thresholding power to ensure a scale-free co-expression network, a total of 7 non-grey modules were generated (Figure 3A). Among these modules, the yellow module showed the highest correlation with breast cancer lung metastasis (cor = 0.84, p = 7e−15) (Figure 3B). The scatter plot of module membership and gene significance depicted a significant correlation for each gene in the yellow module (cor: 0.83, p = 9.6e−34) (Figure 3C). Therefore, all 128 genes in the yellow module were considered to be highly correlated to breast cancer metastasis to the lung. We also performed DEmRNAs analysis between the breast cancer patients without or with lung metastasis in the GSE2603 cohort (Figure 3D). We found 2,178 differentially expressed genes, among which 955 were up-regulated in the lung metastasis group and 1,223 were down-regulated (Supplementary Table 4). Venn diagram was used to find the overlap between upregulated genes in the lung metastasis group and genes in the yellow module, which were regarded as hub genes for the subsequent functional enrichment analysis (Figure 3E and Supplementary Table 7). Tumor metastasis consists of a cascade of complicated events, including dissemination of cancer cells, arrest, adaptation to foreign tissue microenvironments, and metastases formation (36). During which, metastasizing cancer cells significantly adapt their metabolism (37). GO analysis of the hub genes was performed, which indicated that hub genes were involved in most of the above metastatic cascades, and thereby facilitating lung metastasis. (Supplementary Figure 6A and Supplementary Table 8). They facilitated vasculature development and hematogenous metastasis, promoted migration, created an immune-suppressive environment, rewired metabolism, and helped metastasizing cancer cells adapt to the lung microenvironment to form the metastases.




Figure 3 | Identification of immune-related hub genes in breast cancer metastasis to the lung. (A) A dendrogram of the immune-related genes clustered based on different metrics. Each branch in the figure represented one gene, and every color below represented one co-expression module. (B) A heatmap presenting the correlations between the gene modules and clinical traits. The correlation coefficient in each grid represented the correlation between the gene module and the clinical trait, which decreased in color from red to blue. The yellow module showed the highest positive correlation with lung metastasis. (C) The gene significance for lung metastasis and module membership of the genes in the yellow module exhibited a high correlation of 0.83. (D) Heatmap of differentially expressed genes between breast cancer patients with or without lung metastasis in the GSE2603 cohort. (E) The Venn diagram indicated the overlap between differentially expressed genes and genes in the yellow module. LM, lung metastasis; LMFS, lung metastasis-free survival; MFS, metastasis-free survival; BM, bone metastasis; BMFS, bone metastasis-free survival.





Low Mast Cell Fraction Could Be an Indicator of Lung Metastasis in Breast Cancer Patients

Compared to the no metastasis group, we found mast cell fractions were significantly lower in breast cancer patients with lung metastasis in the GSE2603 cohort (Figure 4A), the GSE5327 cohort (Figure 4B), and the TCGA cohort (Figure 4C). The mast cell fractions in the two subgroups of patients in the METABRIC cohort were the same (Figure 4D). And the patients with lower mast cell contents tended to have poorer prognoses in the GSE2603 cohort (Figure 4E), the GSE5327 cohort (Figure 4F), the TCGA cohort (Figure 4G), yet was unable to be statistically significant in the METABRIC cohort (Figure 4H). In addition, the mast cell fraction was significantly positively correlated to the lung metastasis-free survival in the GSE2603 cohort and showed a similar trend in the GSE5327 cohort (Supplementary Figures 6B, C). Similar analyses were done on other types of immune cells, but mast cells showed the greatest consistency in four cohorts (data not shown).




Figure 4 | Breast cancer patients with lung metastasis have lower mast cell counts. Distributions of mast cell fractions with respect to lung metastasis status in (A) the GSE2603 cohort, (B) the GSE5327 cohort, (C) the TCGA cohort, and (D) the METABRIC cohort. (E) Representative images of IHC analysis of Tryptase protein in the 10 human breast invasive tumors. Scale bars, 100 μm. (F) Mast cell counts in the no metastasis group were significantly higher than the lung metastasis group. Student’s t test was used to analyze the significant differences. Kaplan-Meier curves of LMFS of breast cancer patients stratified by mast cell fraction in the (G) the GSE2603 cohort and (H) the GSE5327 cohort. Kaplan-Meier curves of DFS of breast cancer patients stratified by mast cell fraction in the (I) TCGA cohort. Kaplan-Meier curves of OS of breast cancer patients stratified by mast cell fraction in the (J) METABRIC cohort. BRCA, breast invasive carcinoma; METABRIC, molecular taxonomy of breast cancer international consortium; TCGA, the cancer genome atlas; N1-5, patients without metastasis 1-5; M1-5, patients with lung metastasis 1-5; DFS, disease-free survival; OS, overall survival; LMFS, lung metastasis-free survival; ****: p < 0.0001.



20 tumor sections of breast cancer patients without metastasis after 10-year follow-up and breast cancer patients with lung metastasis were used to evaluate the mast cell contents. Tryptase is one of the most abundant secretory granule-derived serine contained in mast cells and is a sensitive and specific marker for the localization of mast cells in tissues (16, 38). Mast cells are located both in the peritumoral adipose tissue and closed to the tumor cells (Figure 4I). As we reported before, mast cell levels in the no metastasis group were significantly higher than in the lung metastasis group (Figure 4J). We hypothesized that low mast cell fraction may act as an indicator of lung metastasis in breast cancer patients. Meta-analysis of the pooled cohort was performed to evaluate whether the low mast cell level was a promising marker for lung metastasis prediction. The result demonstrated that among the 1067 patients, those with lower mast cell fractions exhibited higher risks of lung metastasis than those with higher mast cell fractions (pooled OR = 0.17, 95% CI 0.07–0.38) (Figure 5A). The AUC of the mast cell fraction for lung metastasis risk prediction was 0.682 in the GSE2603 cohort (Figure 5B), 0.798 in the GSE5327 cohort (Figure 5C), 0.708 in the TCGA cohort (Figure 5D), and 0.521 in the METABRIC cohort (Figure 5E). It was comparable or even superior to other parameters used in metastasis prediction like tumor size, positive lymph nodes number, grade, TNM staging system, and signature reported by another study (18). Then we used mast cell fractions to stratify breast cancer patients into two subtypes (subtype 1: low mast cell group and subtype 2: high mast cell group). We found the proliferation score, the wound healing score, and intratumor heterogeneity were all significantly higher in the low mast cell subtype (Figure 5F). The low mast cell subtype also had higher CTA, higher mutation burden, and higher neoantigen loads, which indicated higher immunogenicity in this subtype (Figure 5G). Genomic instability-related parameters were also higher in subtype 1, including the number of segments, fraction altered, aneuploidy score, and HRD score (Figure 5H). Differentially mutated genes between the two subtypes were explored. TP53 was significantly more frequently mutated in the low mast cell subtype (Figure 5I). In short, the low mast cell fraction defined a subtype of breast tumors that were highly proliferative, with higher mutation burdens, and were prone to develop lung metastasis (Figure 5J).




Figure 5 | Low mast cell fraction could be an indicator of lung metastasis in breast cancer patients. (A) Meta-analysis was performed to calculate the pooled OR of mast cell fraction. ROC curves of mast cell fraction, age at diagnosis, tumor size, positive lymph nodes number, grade, TNM staging system, and signature reported by another study (29) in predicting lung metastasis in (B) the GSE2603 cohort, (C) the GSE5327 cohort, (D) the TCGA cohort, and (E) the METABRIC cohort. The AUC of the mast cell fraction for lung metastasis risk prediction was 0.682 in the GSE2603 cohort, 0.798 in the GSE5327 cohort, 0.708 in the TCGA cohort, and 0.521 in the METABRIC cohort. Distributions of (F) proliferation score, wound healing score, and intratumor heterogeneity (G) CTA score, mutation burden, and neoantigens (H) the number of segments, fraction altered, aneuploidy score, and HRD score with respect to mast cell-based subtypes. (I) Forest plot with x-axis as log10 converted odds ratio and differentially mutated genes between the high- and the low-mast cell groups on the y-axis. (J) A Sankey plot was used to reveal the correlations between mast cell fraction, tumor proliferation score, non-silent mutation rate, and lung metastasis status. BRCA, breast invasive carcinoma; METABRIC, molecular taxonomy of breast cancer international consortium; TCGA, the cancer genome atlas; OR, odds ratio; ROC, receiver operating characteristic; CTA, cancer testis antigens; HRD, homologous recombination defects; Indel, insertions and deletions; SNV, single-nucleotide variant; AUC, area under the receiver operating characteristics curve; *: p < 0.05; **: p < 0.01; ***: p < 0.001.





Pro-Metastasis IRGs Were Significantly Negatively Correlated With Mast Cell Fractions

The estrogen-driven CXCL12 was reported to recruit mast cells (39). CXCL12 level was significantly low in the lung metastasis group (Figure 1E), and there existed a positive correlation between CXCL12 expression level and mast cell fraction through correlation analysis (Supplementary Figure 7). In addition, the expression levels of pro-metastasis IRGs we identified above were significantly negatively correlated with mast cell fractions, including MYC, AKT1, MAP2K1, NCK1, PLAUR, PSAT1, and S100A9 (Supplementary Figure 7).



Drug Repurposing for Targeting Breast Cancer Metastasis to the Lung

We reported earlier that breast cancer metastasis to the lung tended to have more aggressive malignant characteristics but showed generalized inhibition of effector functions of immune cells. The current immune checkpoint blockade (ICB) therapy mainly aims at PD-1/CTLA-4, which can suppress the negative regulatory pathways and unleash T cells from the exhausted status. However, the expression levels of PD-1 and CTLA-4 failed to have significant differences between the no metastasis group and the lung metastasis group (Supplementary Figure S2), urging the need for further expanding treatment options. Drug repurposing of CMAP drugs for the lung metastasis was performed with the lung metastasis-related genes identified above and the CMAP perturbation signatures. The top 20 possible drugs that could reverse the breast cancer lung metastasis signature were presented (Figure 6), including IGF-1 inhibitor, mTOR inhibitor, PI3K inhibitor, SRC inhibitor, aurora kinase inhibitor, and JAK inhibitor. In addition, FDA-approved drugs targeted for lung metastasis-related IRGs were listed (Table 2) (34).




Figure 6 | Drug prediction analysis for targeting lung metastasis. Heatmap of the top 20 possible CMAP drugs that could reverse the breast cancer lung metastasis signature. The scores of 20 drugs’ effects on 9 cell lines, drugs names, and their descriptions were shown. Negative scores (blue in the heatmap) indicated an ability for a given drug to reverse the breast cancer lung metastasis signature. CMAP, connectivity map.




Table 2 | FDA-approved drugs targeted for lung metastasis-related IRGs.






Discussion

With the great advances in breast cancer treatments, the prognosis of early breast cancer patients has been ameliorated significantly. However, approximately one-fifth of breast cancer patients will suffer from distant metastasis, which is the major reason for breast cancer-induced death (6). It has been reported that the median survival time for breast cancer patients with lung metastases was 21 months (41). The disease is nearly incurable and irreversible once metastasis occurs. A better understanding of the molecular and cellular mechanisms underlying lung metastasis could improve the overall survival of these patients. Identifying effective predictive biomarkers to predict and alert the lung metastasis may be a profound breakthrough applied in clinical practice. Our study is the first one that aims to clarify the immune composition, hub genes, and mutational characteristics that drive breast cancer lung metastasis from published multi-omics databases, incorporating primary tumor data of 1067 breast cancer patients in four datasets. The immune composition and tumor microenvironment of tumors that would metastasis to the lung were distinct from those that would not metastasis. In addition, tumors that metastasized to the lung have more aggressive malignant behaviors, higher mutation loads, and higher immunogenicity, which may be affected by the regulation of immune cells. We identified mast cell fraction as a prediction index of the status of lung metastasis in breast cancer patients. The low mast cell fraction defined a subtype of breast tumors that were highly proliferative, with higher mutation burdens, and were prone to have lung metastasis. We bring forward the idea that breast cancer patients with lung metastasis have distinct molecular and cellular characteristics and mutation profiles, which could differentiate them from those without lung metastasis.

There are views indicating that tumor metastasis is the outcome of the accumulation of mutations, especially mutations in metastasis-related genes (14). Higher mutation burdens correspond to worse survival in metastatic breast cancer patients (14). Tumor mutation burden is largely attributed to genomic instability. Genomic instability generates tumor heterogeneity, from which aggressive variants with strong metastatic ability can form secondary lesions (42). However, the association between mutations and neoantigen burdens of primary breast tumors and the outcomes of lung metastasis remains unknown. We found that there was no difference in the mutation load between the breast cancer patients with or without lung metastasis. SCNA and CTA levels were higher in the lung metastasis group, while the diversity of TCR was decreased compared to the no metastasis group. Generally speaking, breast cancer patients that developed lung metastasis later tended to have more malignant characteristics yet failed to activate more intense immune responses. However, many parameters failed to reach significant levels between the two groups, possibly due to the uneven numbers of the two groups.

TP53 was the most frequently mutated gene in the lung metastasis group and it was significantly mutated more frequently in the lung metastasis group than in the no metastasis group. The expression level of TP53 was higher in the no metastasis group (Supplementary Table 4). Therefore, the tumor suppressor gene TP53 has a higher mutation rate and a lower expression level in the lung metastasis group. MDN1 is also a tumor suppresser gene (43), which had higher mutation rate and elevated expression in the no metastasis group in the METABRIC cohort. FLG2, FMN2, and ERBB3 have been reported to be related to breast cancer (44–46). We believed that further functional experiments are needed to prove the exact roles of these mutations. We tried to use TP53 as an example to prove that our analysis method was right, and we also listed other differentially mutated genes, hoping to inspire future studies.

The accumulation of mast cells has been reported to be related to poor prognosis in gastric, colorectal, and pancreatic tumors, while it remains controversial in breast cancer, demonstrating both pro-and anti-tumor roles (16). In our study, we found mast cell fraction can be used as a predictive index. The low mast cell content indicated a subtype of tumors that were more malignant, had higher immunogenicity and were prone to develop lung metastasis. A study conducted in a cohort containing 4444 invasive breast cancer patients with long-term follow-up showed that mast cell infiltration in invasive breast cancer could be served as an independent good prognostic marker, independent of tumor grade, age, tumor size, ER and Her2 status, and lymph node (47). Mast cells have been reported to stimulate estrogen receptor activity in breast cancer cells, which promoted the luminal phenotype, the less aggressive cancer types, and possibly explained the association between a higher mast cell infiltration and a better disease prognosis (48, 49). In vivo model using mast cell-depleting agent imatinib mesylate has shown accelerated tumor growth in a murine model of breast carcinoma, indicating an anti-tumor role of mast cells (50). However, mast cell can facilitate tumor angiogenesis and lymphangiogenesis and is positively correlated with lymph node metastasis (16). In vivo mast cell-depleting models have shown controversial results. Compared to their littermate controls, c-Kit-deficient mice showed significantly lighter tumor burden and refrained metastatic potential (15). Therefore, there is no clear verdict on this ongoing debate yet. These conflicting data suggested that mast cells might play different roles at different stages of breast cancer progression. Studies of mice models suggested that mast cells facilitated the growth and metastasis of tumors at the early stage, yet elevated mast cell infiltration in advanced breast tumors in humans could suppress breast cancer development and improve prognosis (15).

Drugs that inhibit mast cells activation and degranulation have been reported extensively in allergy and inflammatory diseases, while drugs that can activate mast cells remain a large void. Sorafenib has been reported to significantly increase the number and degranulation of skin-type mast cells in a stem cell factor (SCF) dependent manner (51). The effects of sorafenib on breast cancer mainly focus on breast cancer cells. Sorafenib inhibited the cell viability, migration, and invasion of breast cancer cells in vitro (52). Though a series of Phase IIb screening trials suggested the PFS benefit for sorafenib plus capecitabine as first- or second-line treatment for patients with HER2-negative advanced breast cancer, the Phase III RESILIENCE trial showed the combination of sorafenib with capecitabine did not improve PFS, OS, or the overall response rate in patients with HER2-negative advanced breast cancer and the rates of Grade 3 toxicities were higher in the sorafenib arm (53, 54). The drug delivery pattern and the subject selection may influence the outcome. An injectable double-layer-gel matrix of sorafenib and anti-CD47 antibody efficiently prevented tumor recurrence and metastasis in in vivo 4T1 mice models (55). The modified delivery pattern can reduce drug dose and side effects than oral intake. The participants can be chosen as patients with low mast cell infiltrations and high possibilities of lung metastasis as this study suggested. We hoped these novel molecular and genomic-driven therapeutic strategies can benefit the prognosis of breast cancer patients with lung metastasis.

A recent study conducted by Davis et al. reported that pharmacological blockade of oxidative phosphorylation significantly decreased metastatic load in the lungs in two breast cancer metastasis models, which highlighted its potential as a therapeutic target to prevent lung metastatic spread in breast cancer patients (5). We can recommend the patient who has a high probability to develop lung metastasis in the future to take a thorough inspection of the lung and apply advanced treatments that may appear in the near future. Therefore, risk evaluation plays a crucial role in making effective therapeutic strategies and follow-up management in breast cancer patients. The meta-analysis of 1067 patients showed that those with lower mast cell fractions exhibited higher risks of lung metastasis than those with higher mast cell fractions. The AUCs of mast cell fractions for lung metastasis prediction were comparable or even superior to other parameters used in metastasis prediction like tumor size, positive lymph nodes number, grade, TNM staging system, and signature reported by another study (18). In clinical settings, mast cell infiltration could be counted by tryptase IHC staining of dissected tumor samples or estimated by the xCell algorithm. The cut-off point was set to 25 mast cells per 10x field, which could be used to classify patients into two groups: low or high probability of lung metastasis. As for the xCell algorithm, the cut-off points in each dataset were not exactly the same, indicating that the specific cut-off value in future use needed to be confirmed by each institution. The reason may be that the different platforms, demographic heterogeneity, and doctors’ preferences would all affect the choice of cut-off point, just like many reference values for clinical and laboratory indexes are different in each hospital. We stated that adopting mast cell fraction could ameliorate the prediction accuracy and thereby improving the prognosis of breast cancer patients.

Our research had several limitations. Firstly, the limited number of lung metastasis compared to no metastasis in the cohorts might influence the statistic power. The number of mast cells is related to the molecular subtypes of breast cancer, but the roles of molecular subtypes have not been discussed in detail in this study due to the limited number of events and the lack of molecular subtype information in one dataset. Secondly, in the METABRIC dataset, although the predictive power of mast cell fraction is comparable to the existing parameters, yet it is still relatively weak. Last but not least, experiments for revealing the underlying mechanism of mast cells in attenuating lung metastasis are needed in subsequent studies.

In the present study, we used four public datasets with matched clinical and mRNA data to reveal the distinct microenvironment and immune composition between patients with or without lung metastasis. We used multi-omics data of the TCGA cohort to emphasize the following characteristics that could contribute to lung metastasis: more aggressive tumor malignant behaviors, severer genomic instability, higher immunogenicity but showed generalized inhibition of effector functions of immune cells. Furthermore, we found mast cell fraction can be used as a parameter for individual lung metastasis status prediction. When the mast cell content was low, the tumor was more aggressive and prone to have lung metastasis. This finding may apply to all patients because it is based on a large-scale cohort. As far as we know, this study is the first comprehensive analysis of the molecular and cellular characteristics and mutation profiles of breast cancer metastasis to the lung. We believe these findings might be suitable for prognostic prediction for breast cancer patients and provide novel genomic-driven therapeutic strategies for breast cancer metastasis to the lung.



Conclusion

In our current study, we revealed that the microenvironment and immune composition between patients with or without lung metastasis were distinct. Breast tumors that developed lung metastasis had more aggressive malignant behaviors, severer genomic instability, higher immunogenicity but showed generalized inhibition of effector functions of immune cells. Among the immune cells, mast cell fraction can be used as an index for individual lung metastasis status prediction. When the mast cell content was low, the tumor was more aggressive and prone to have lung metastasis.
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Background

To characterize the clinical and pathological features and survival of patients with human epidermal growth factor receptor 2 (HER2)-low breast cancer in China.



Methods

The China National Cancer Center database was used to identify 1,433 metastatic breast cancer patients with HER2-negative disease diagnosed between 2005 and 2015. Clinicopathological features, survival, and prognosis information were extracted. Overall survival (OS) was estimated using the Kaplan–Meier method and compared using the log-rank test. Prognostic factors associated with OS were analyzed using Cox regression model with 95% confidence interval (95% CI).



Results

There were 618 (43.1%) and 815 (56.9%) HER2-low and HER2-zero tumors out of 1,433 tumors, respectively. The proportion of hormone receptor (HR)-positive tumors was significantly higher in HER2-low tumors than in those with HER2-zero tumors (77.8% vs. 69.2%, p < 0.001). Patients with HER2-low tumors survived significantly longer than those with HER2-zero tumors in the overall population (48.5 months vs. 43.0 months, p = 0.004) and HR-positive subgroup (54.9 months vs. 48.1 months, p = 0.011), but not in the HR-negative subgroup (29.5 months vs. 29.9 months, p = 0.718). Multivariate regression analysis revealed that HER2-low tumors were independently associated with increased OS in HER2-negative population (HR: 0.85, 95% CI: 0.73–0.98, p = 0.026).



Conclusion

Our findings demonstrate that HER2-low tumors could be identified as a more distinct clinical entity from HER2-zero tumors, especially for the HR-positive subgroup. A more complex molecular landscape of HER2-low breast cancer might exist, and more precise diagnostic algorithms for HER2 testing could be investigated, thus offering new therapeutic targets for breast cancer treatment.
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Introduction

Human epidermal growth factor receptor 2 (HER2) is a prototype oncogene that belongs to the HER (EGFR,ErbB) family (1). HER2-positive breast cancer, which accounts for about 15%–20% of all breast cancers, is associated with a more aggressive clinical course and a poor prognosis compared with hormone receptor (HR)-positive, HER2-negative breast cancer (2, 3). Over the past 2 decades, the management of HER2-positive breast cancer has changed dramatically due to the development of anti-HER2 agents, which significantly improved the outcomes of HER2-positive breast cancer patients (4, 5).

Currently, HER2 positivity in breast tumors is defined by the overexpression of HER2 protein measured using immuno-histochemistry (IHC3+) and/or in situ hybridization (ISH) (HER2 gene copy number ≥6 or a HER2/CEP17 ratio ≥2.0) (6, 7). Among the 80%–90% HER2-negative breast cancers, a low to moderate expression of HER2 (IHC1+ or IHC2+/ISH-negative) still exists and such tumors are identified as HER2-low tumors (8). Traditionally, tumors classified as HER2-negative are not targetable with conventional anti-HER2 therapies (9). In recent years, however, two HER2-targeted antibody–drug conjugates (ADCs), trastuzumab deruxtecan (T-DXd) (10) and trastuzumab duocarmazine (SYD985) (11), have shown promising antitumor activity in patients with HER2-low breast cancer, thus offering novel therapeutic options for HER2-low tumors and shifting the attention of physicians toward this particular subset of patients (12, 13).

To date, robust studies focusing on HER2-low breast cancer in China are lacking. Few studies from western countries combining HER2-low breast cancer patients from different datasets or clinical trials have yielded varying results (14–16). In this study, we aimed to characterize the clinicopathological features, survival, and prognosis of HER2-low tumors in metastatic breast cancer (MBC) based on the China National Cancer Center database and compare with HER2-zero tumors. Analyses were also performed by HR status and HER2 IHC status.



Methods


Patients

Medical records of breast cancer patients treated at the China National Cancer Center were retrospectively reviewed. The China National Cancer Center database was used to identify MBC patients diagnosed between January 2005 and December 2015. Patients were included if they met the following criteria: (i) Histologically confirmed breast cancer with reliable estrogen receptor (ER), progesterone receptor (PgR), and HER2 status, reviewed and reported by two independent breast cancer pathologists from the pathology department of the China National Cancer Center. According to the most updated guidelines established by the College of American Pathologists (CAP), ER/PgR positivity were defined as ≥10% positive tumor cells with nuclear staining by IHC and then ≥1% after April 2010. (ii) HER2-negative breast cancer. HER2 status was assessed by IHC and/or ISH based on the primary tumor sample. HER2 negativity was defined as IHC scoring 0~1+ or IHC2+, but without ISH amplified based on the most recent version of American Society of Clinical Oncology (ASCO)/CAP guidelines at MBC diagnosis. The terms HER2-zero (IHC0) and HER2-low (IHC1+/IHC2+ with negative ISH) were adapted in this study. (iii) Recurrent or metastatic breast cancer. Patients with unknown or equivocal HER2 status were excluded. Demographics of patients, clinicopathological features, sites of disease recurrence, and survival information were extracted. Overall survival (OS) was defined as the time from initial metastatic diagnosis to the date of death from any cause or last follow-up.



Statistical Analysis

Clinical and pathological features of patients were summarized and stratified by HR status and HER2 IHC status and were compared across groups using chi-square or Fisher’s exact test, where appropriate. Survival curves were constructed using the Kaplan–Meier method and compared between groups using the log-rank test. Subgroup analyses were performed for comparing the differences in age, performance status, disease stage at primary diagnosis, HR status, histology, and metastatic sites between HER2-low and HER2-zero groups. Prognostic factors for OS were analyzed by Cox regression model with 95% confidence interval (95% CI). All statistical analyses were performed using the SPSS 23.0 software (SPSS Inc., Chicago, IL, USA).




Results


Baseline Patient Characteristics

We identified 2,202 patients with MBC diagnosed between January 2005 and December 2015 at the National Cancer Center, China. Patients with HER2-overexpressed (n = 651), unknown HER2 status (n = 51), and equivocal HER2 status (n = 67) were excluded (Figure 1).




Figure 1 | Study flowchart.



Of the 1,433 HER2-negative patients included in this study, 618 (43.1%) had HER2-low tumors and 815 (56.9%) had HER2-zero tumors (Table 1). Of the 618 patients with HER2-low tumors, 454 (31.7%) were HER2 IHC1+ and 164 (11.7%) were HER2 IHC2+ (Figure 2). When stratified by HR status, 1,045 (72.9%) patients had HR-positive disease and 388 (27.1%) had triple-negative disease (Table 1).


Table 1 | Baseline patient characteristics stratified by HER2 status (HER2 0 vs. HER2-low).






Figure 2 | The compositions of human epidermal growth factor receptor 2 (HER2)-negative population by hormone receptor (HR) status and HER2 immunohistochemistry (IHC) status.



MBC patients with HER2-low tumors had a higher percentage of HR-positive disease compared to those with HER2-zero tumors (p < 0.001; Figure 2). In particular, patients with HER2 IHC2+ tumors showed the highest percentage (82.9%), followed by HER2 IHC1+ tumors (76.0%). When stratified by HR status, HER2-low tumors were more frequently presented in HR-positive group than that in HR-negative group. Specifically, the proportions of HER2 IHC1+ and IHC2+ tumors were 33.0% and 13.0% in HR-positive disease compared with 28.1% and 7.2% in HR-negative disease (p < 0.001; Figure 2). Other statistically significant differences between HER2-low tumors and HER2-zero tumors were detected for stage at primary breast cancer diagnosis (p < 0.001) and histology (p = 0.004). No differences were seen in proliferation rate (measured by Ki-67), menopausal status, and number of metastatic sites (Table 1).

When HER2-low tumors were further divided into HER2 IHC1+ and HER2 IHC2+ tumors, there were significant differences in HR status (p < 0.001), primary breast cancer diagnosis stage (p < 0.001), performance status (p = 0.002), histological grade (p = 0.015), and number of metastatic sites (p = 0.03) among HER2-zero, HER2 IHC1+, and HER2 IHC2+ tumor groups (Supplementary Table S1). When divided by HR status, HER2-low tumors had a higher percentage of stage IV disease compared to HER2-zero tumors in both HR-positive subgroup (p = 0.001) and HR-negative subgroup (p = 0.006). Fewer invasive lobular tumors were detected in HER2-low tumors compared to those in HER2-zero tumors in the HR-positive subgroup (p = 0.003). The baseline characteristics were otherwise similar between HER2-low and HER2-zero tumors based on HR status (Supplementary Tables S2, S4). When stratified by HER2 IHC status, a higher proportion of stage IV disease (p = 0.02) and fewer number of metastatic sites (p = 0.01) were detected for HER2 IHC2+ tumors compared to HER2 IHC0~1+ tumors in HR-positive population, while a higher Ki-67 index (p < 0.001) and more frequent disease relapse (p = 0.03) were observed for HER2 IHC2+ tumors in HR-negative population (Supplementary Tables S3, S5).



Survival and Prognosis

Median follow-up time for the entire population was 62.6 months (95% CI: 58.0–67.1). MBC patients with HER2-low tumors survived significantly longer than those with HER2-zero tumors (48.5 months vs. 43.0 months, p = 0.004; Figure 3A). A similar trend was observed for patients with HR-positive tumors (54.9 months vs. 48.1 months, p = 0.011; Figure 3C), but the difference was not statistically significant for the HR-negative subgroup (29.5 months vs. 29.9 months, p = 0.718; Figure 3E). More specifically, HER2 IHC2+ tumors had an improved OS compared to HER2 IHC1+ and HER2-zero tumors in the entire patient population (88.5 months vs. 43.6 months vs. 43.0 months, p < 0.001; Figure 3B) and the HR-positive subgroup (88.5 months vs. 47.7 months vs. 48.1 months, p < 0.001; Figure 3D), but not the HR-negative subgroup (42.9 months vs. 27.2 months vs. 29.9 months, p = 0.139; Figure 3F). Subgroup analyses revealed that the rates of OS were significantly different in patients with nonvisceral metastases (HR: 0.70, 95% CI: 0.56–0.88, p = 0.002) and positive HR status compared to their counterparts (HR: 0.81, 95% CI: 0.68–0.96, p = 0.013) (Figure 4).




Figure 3 | Kaplan–Meier curves for overall survival (OS) by hormone receptor (HR) status and human epidermal growth factor receptor 2 (HER2) immunohistochemistry (IHC) status. OS for HER2-low vs. HER2-zero tumors in the complete cohort (A), HR-positive population (C), and HR-negative population (E), as well as OS curves for HER2 2+ vs. HER2 1+ vs. HER2-zero tumors for the complete cohort (B), HR-positive population (D), and HR-negative population (F). p values are from the stratified log-rank test.






Figure 4 | Multivariable Cox regression analysis for overall survival. Comparison of human epidermal growth factor receptor 2 (HER2)-low and HER2-zero breast cancer.



Table 2 summarizes the prognostic factors associated with OS in the HER2-negative population. HER2-low tumors were identified to be independently associated with increased OS (HR: 0.85, 95% CI: 0.73–0.98, p = 0.026), while HR-positive tumors (HR: 0.60, 95% CI: 0.51–0.70, p < 0.001), better performance status (HR: 0.75, 95% CI: 0.56–0.99, p = 0.039), and fewer number of metastatic sites (HR: 0.55, 95% CI: 0.46–0.67, p < 0.001) were significantly associated with improved OS (Table 2).


Table 2 | Multivariate survival analysis following metastatic breast cancer diagnosis.






Discussion

To the best of our knowledge, this is the first and largest study that characterizes MBC patients with HER2-low tumors in China. The clinicopathological features and prognostic outcomes of HER2-negative MBC patients were analyzed to compare the differences between HER2-low and HER2-zero tumors. We found that HER2-low tumors accounted for almost half of HER2-negative tumors, and most of them occurred in patients with HR-positive disease. Moreover, HER2-low tumors differed distinctly from HER2-zero tumors in terms of HR positivity and survival. Notably, a particular survival benefit of HER2 IHC2+ tumors over HER2 IHC0~1+ tumors was observed in the entire population and HR-positive subgroup.

So far, only a few studies have investigated the proportions of HER2-low breast cancer within the HER2-negative population. In a retrospective study of 3,689 patients with HER2-negative disease, the percentages of HER2-low, HER2 IHC0, HER2 IHC1+, and HER2 IHC2+ patients were 59.7%, 40.4%, 40.3%, and 19.4%, respectively. However, a combination of multiple databases was used in this study, which extracted from studies with various inclusion/exclusion criteria; therefore, both early-stage and MBC patients were included and evaluation of HER2 IHC status was not standardized (15). A pooled analysis of 2,310 HER2-negative breast cancer patients from four prospective neoadjuvant clinical trials reported the proportion of HER2-low tumors as 47.5%, which was consistent with our results (16). However, this study included early-stage patients from different clinical trial cohorts, and heterogeneity among trials could not be avoided. Moreover, these two studies were limited to patients in western countries, and the results might not be that generalizable to Chinese populations. A retrospective study of 12,467 breast cancer patients from 19 Chinese clinical centers reported that the percentage of HER2-low tumors was 56.9%, but the rates varied among laboratories and some centers did not have standardized procedures for detecting HER2 status (17). Our results validated and added on to previous work by reporting the proportions of HER2-low, HER2 IHC0, HER2 IHC1+, and HER2 IHC2+ patients respectively among HER2-negative population based on the largest sample size in a single center study in China. As the National Cancer Center of China, our pathologists were well-qualified to perform HER2 testing. Moreover, in a single-center study, the heterogeneity of HER2 evaluation among laboratories was best avoided.

Another important finding of our study was that a significantly higher proportion of HR-positive disease was detected in patients with HER2-low tumors compared to those with HER2-zero tumors (77.8% vs. 69.2%, p < 0.001). The rate was remarkably high in the HER2 IHC2+ subgroup (82.9%). Moreover, a higher number of HER2-low tumors was found in HR-positive subgroup than those in HR-negative subgroup (46% vs. 35.3%, p < 0.001), suggesting an important role of HR expression in HER2-low tumors. Additionally, we observed that the majority (73.5%) of HER2-low patients had HER2 IHC1+ disease, regardless of HR status (33.0% in HR-positive subgroup vs. 28.1% in HR-negative subgroup, p = 0.75), which was in agreement with previous findings (15). The reasons for the differences in HR expression between HER2-low and HER2-zero tumors might be explained by the expression of individual genes. Schettini et al. (15) reported that luminal-related genes (e.g., BCL2, BAG1, FOXA1, ESR1) were significantly upregulated, while Basal-like genes and proliferation-related genes were significantly downregulated in HER2-low tumors compared to those in HER2-zero tumors. PAM50 analyses also showed that HER2-low tumors were characterized by Luminal A and B signatures, while Basal-like and normal-like subtypes were enriched in HER2-zero tumors. Gene expression profile identified HR status as the main driver of the underlying biology of HER2-low tumors. When stratified by HR status, the differences in subtype distribution and gene expression between HER2-low and HER2-zero tumors were consistently observed in HR-positive subgroup, while no obvious biological differences were detected in the HR-negative subgroup (15).

In addition to the pathological differences, a significantly improved OS of HER2-low tumors over HER2-zero tumors was found in the entire cohort. Cox regression analyses also identified HER2-low status as an independent prognostic factor associated with prolonged survival. Kaplan–Meier analyses revealed that the survival differences were especially relevant in the HR-positive subgroup but not the HR-negative subtype. Notably, when stratified by HER2 IHC status, the most significant survival benefit was observed in the HR+/HER2 IHC2+ subgroup (median survival: 88.5 months), while HR+/HER2 IHC1+ and HR+/HER2-zero patients had relatively similar median survival (43.6 months and 43.0 months, respectively).

The survival differences between HER2-low and HER2-zero tumors varied substantially across studies. Schettini et al. (15) found no differences between these two groups, and Denkert et al. (16) observed an improved 3-year disease-free survival and OS in early-stage HER2-low patients than that in HER2-zero patients. In this study, patients with HER2-low tumors were associated with better performance status, more frequent luminal disease, and a higher incidence of stage IV disease compared to those with HER2-zero tumors, suggesting that a reduced aggressiveness may explain their survival benefits. Besides, a reduced TP53 mutation rate and a higher expression of luminal-related genes had been reported in HER2-low and HR+/HER2-low subgroups, while a vast majority of proliferation-related genes and tyrosine-kinase receptor genes were detected in HER2-zero tumors, which might explain the improved survival of HER2-low tumors from a genomic background (15, 16). The fact that patients with HR+/HER2 IHC2+ tumors survived particularly longer than those with HR+/HER2 IHC0~1+ tumors in our study was somewhat intriguing. From the clinicopathological point of view, patients with HR+/HER2 2+tumors were younger, exhibited better performance status, and had fewer number of metastatic sites compared to those with HR+/HER2 0~1+ tumors, indicating a less advanced disease status and improved patient conditions that might explain their prolonged survival. Previous studies from western countries have reported a higher level of ERBB2 level in HR+/HER2 2+ tumors than that in HR+/HER2 1+ tumors, but the gene expression signatures between these two groups were otherwise similar (15). Next-generation was used as a robust tool to identify patients with HER2 amplification (n = 774) in China, and the results showed that HER2-low amplification patients had a distinct mutation profile from HER2 non-amplified patients (18). However, the authors did not further distinguish HER2 IHC2+ tumors from HER2 IHC1+tumors (18). Taken together, these findings suggested that HR is an essential determinant of the underlying biology of HER2-low tumors, and HR-positive/HER2-low subgroup might be identified as a more distinct biological entity within the HER2-negative population. Due to the retrospective nature of this study and the lack of genomic information, whether HR+/HER2 IHC2+ tumors could be further distinguished as a distinct subtype remains unknown. Further investigations aiming to characterize the more detailed molecular landscape of HER2-low population are warranted in the future. It is also essential to reveal the underlying molecular basis of the reduced prognosis of HER2-zero tumors and improved survival of HR+HER2-low/HER2 IHC2+ patients.

The results of our study not only add value to the general understanding of HER2-low disease but also have important implications for the development of new therapeutic strategies. The development of novel ADCs targeting HER2 has opened up a new window for the treatment of HER2-low breast cancer. Results from clinical trials of the most advanced ADC, T-DXd, have shown that even a low-to-moderate expression of HER2 receptor is sufficient to trigger therapy response (13). Interestingly, the treatment efficacy seemed to differ by HR status. In a phase Ib study of T-DXd, the objective response rate (ORR) of HR+ and HR- tumors was 40.4% and 14.3%, respectively, while the ORRs were similar between HER2 IHC1+ and HER2 IHC2+ groups (35.7% vs. 38.5%). Therefore, it might be inferred that HR+HER2-low disease is a more distinct subtype in the HER2-negative population. However, whether HER2 IHC status can affect therapeutic responses and survival benefits remains undetermined, and the results of the ongoing phase III trial DESTINY-Breast 04 (NCT03734029) focusing specifically on HER2-low MBC patients might give us an answer in the near future.

Our findings confirmed the fact that the subgroups of HER2-low tumors could be distinguished according to the current ASCO/CAP guidelines for evaluation of HER2 expression. Nevertheless, substantial heterogeneity still exists, and further standardization is needed to help understand the detailed molecular landscape of HER2-low breast tumors. Besides, the inconsistency of HER2 IHC detection between different laboratories should be addressed. Previous studies have reported the discordance rates of 30% for HER2 IHC1+ and 60% for HER2 IHC2+. For HER2 IHC1+ vs. HER2 IHC0, almost 50% discordance have been identified (13, 15). Furthermore, as HER2 IHC1+ had no significant clinical implications previously, it was frequently combined with HER2 IHC0. Therefore, there is an urgent need to train pathologists and to develop more sensitive assays for HER2 evaluation, including mRNA expression and next-generation sequencing.

Our study has several limitations. First, this was a retrospective single-center study; thus, some imbalances between groups and referral bias might exist. However, the intra-laboratory heterogeneity of HER2 detection was somewhat avoided. Second, the HER2 IHC status was evaluated based on the primary tumor. Rebiopsy of metastatic lesions was not performed in the majority of patients, and the discordance of HER2 status could not be ruled out. Third, our study did not include biological information of HER2-low patients. Large-scale genomic analyses might shed some light on the genomic background of HER2-low patients in the near future.



Conclusion

Our study provides new insight into the clinicopathological features, survival, and prognosis of HER2-low tumors within the HER2-negative population in MBC patients in China. We found that HER2-low tumors could be identified as a more distinct clinical entity from HER2-zero tumors, especially for the HR-positive subgroup. A more complex molecular landscape of HER2-low breast cancer might exist, and novel sensitive assays that can further distinguish HER2-levels could be investigated, thus offering new therapeutic targets for breast cancer treatment.
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Triple negative breast cancer (TNBC) refers to the subtype of breast cancer which is negative for ER, PR, and HER-2 receptors. Tumor-associated macrophages (TAMs) refer to the leukocyte infiltrating tumor, derived from circulating blood mononuclear cells and differentiating into macrophages after exuding tissues. TAMs are divided into typical activated M1 subtype and alternately activated M2 subtype, which have different expressions of receptors, cytokines and chemokines. M1 is characterized by expressing a large amount of inducible nitric oxide synthase and TNF-α, and exert anti-tumor activity by promoting pro-inflammatory and immune responses. M2 usually expresses Arginase 1 and high levels of cytokines, growth factors and proteases to support their carcinogenic function. Recent studies demonstrate that TAMs participate in the process of TNBC from occurrence to metastasis, and might serve as potential biomarkers for prognosis prediction.
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Introduction

Triple negative breast cancer (TNBC) refers to the subtype of breast cancer which is negative for ER, PR, and HER-2 receptors, accounting for approximately 12%-17% of invasive breast cancer (1). Compared with other breast cancer subtypes, TNBC has the highest recurrence rate and metastasis rate. Chemotherapy is most common treatment for TNBC currently while drug resistance, non-target characteristics and severe systemic side effects lead to ineffective prognosis for patients with metastatic cases (2, 3). Therefore, it is necessary to discover cutting-edge and effective treatment strategies for TNBC.

In recent years, the treatment strategy based on the interference and remodeling of the tumor microenvironment (TME) has gradually emerged (4). With the deepening of research on TME, it is found that immune cells in TME play a complex and non-negligible role in tumor progression. Among them, tumor-associated macrophages (TAMs) are such a kind of important components (5, 6). TAMs participate in the process of TNBC from occurrence to metastasis, and have potential value in evaluating disease-free survival and overall survival of TNBC (7, 8).

TAMs refer to the leukocyte infiltrating tumor, derived from circulating blood mononuclear cells and differentiating into macrophages after exuding tissues (9–12). Increasing evidence indicates that macrophages are not homogeneous. They can be divided into specific subgroups based on polarization requirements, phenotype and function. TAMs are divided into typical activated M1 subtype and alternately activated M2 subtype, which have different expressions of receptors, cytokines and chemokines (13–15). M1 is characterized by expressing a large amount of inducible nitric oxide synthase and TNF-α, and exert anti-tumor activity by promoting pro-inflammatory and immune responses (5, 16, 17). M2 usually expresses Arginase 1 and high levels of cytokines, growth factors and proteases to support their carcinogenic function (18, 19). In addition, M2 is involved in stimulating tumor angiogenesis, matrix remodeling, tumor cell migration and invasion, and promoting immune suppression (7, 8) (Figure 1).




Figure 1 | TAMs are divided into typical activated M1 subtype and alternately activated M2 subtype. The two subtypes participate in the process of TNBC from occurrence to metastasis of TNBC. M1 exerts anti-tumor activity by promoting pro-inflammatory and immune responses. M1 can present antigen to immune cell, then these cells are activated and directed to kill tumor cells. M1 can also secrete cytokines to induce tumor cells apoptosis. M2 is involved in stimulating tumor angiogenesis, matrix remodeling, tumor cell migration and invasion, it also plays a significant role in immune suppression and tissue repair.





Polarization and Induction of TAMs

Circulating precursors of macrophages derived from bone marrow are recruited into the tumor microenvironment which are affected by inflammatory mediators and chemokines to participate in the tumor immune response (20, 21). Recruited TAMs can differentiate into macrophages with different phenotypes and functions under diverse activation conditions. Stimulation of Lipopolysaccharide (LPS), IFN-γ, etc. is the classical pathway to activate macrophages (M1 type); Stimulation of anti-inflammatory factors such as IL-10 and TGF-β, is a non-classical pathway to activate macrophages (M2) (Table 1) (21–25).


Table 1 | Polarization of Macrophage and its function.



M1 macrophages are highly effective pro-inflammatory immune effector cells that release superoxide anions and nitrogen free radicals after injury or inflammatory activation (26, 27). It plays a role of extracellular killing and present antigens to T cells triggering anti-tumor effects. IL-1β is a cytokine, with the concentration-dependent anti-tumor effect, secreted by macrophage. LPS can activate macrophages to secrete IL-1β. Cytolysin A (ClyA), secreted by Gram-negative bacteria, have been proven to induce IL-1β secretion, which can enhance the tumoricidal activities (28). M2 macrophages have a negative regulatory effect on tumor immunity by repairing damaged tissues and inhibiting inflammation (29). In the tumor environment, IL-10 and TGF-β can transform macrophages from M1 phenotype into M2 phenotype (15–17, 26, 34) (Figure 1). Not only the specific cytokines or factors can render the macrophage become M2, injury or damage can also make macrophage polarize to M2. In return, M2 secrete Arginase 1 (Arg1), VEGF and TNF-α to repair damage through the CXCL-10/CXCR3 pathway (30).

Accumulated evidence have shown that TAMs in the tumor tissues tend to polarize to M2 type once they affected or interact with tumor extracellular matrix (23, 34). By co-inoculating macrophages RAW264.7 and triple-negative breast cancer cells 4T1 into the mammary ducts of mice, process of TNBC progression from carcinoma in situ to invasive carcinoma was simulated (35–37). It was found that the expression level of IL-12 related to M1 macrophages in the co-inoculation group was significantly lower than that in the macrophage alone group during the process of cell inoculation to tumor cells and breaking through the duct basement membrane (38, 39). The level of TGF-β1, a M2- related cytokine, was significantly increased, accompanied by distant lymph node and lung metastasis. In addition, an increasing level of MMP-8 and VEGF in the peripheral blood of mice was also observed. MMP-8 and VEGF are important M1/M2 polarization inducing factors (37). Therefore, under the induction of tumor cells, M2 polarization of TAMs can be considered as an alternating positive feedback process (Figure 1).



Tumor Immunosuppression and Immune Escape

Macrophages have strong phagocytic ability and antigen presentation ability which play an important role in connecting innate immunity and adaptive immunity (40–45). In TME, TAMs switch from M1 subtype with tumor killing function to M2 subtype with tissue repair function, which greatly weakens tumor killing ability of tumor system (18, 44, 46–49). Transformation from M1 subtype to M2 subtype can limit inherent recognition and phagocytic abilities of macrophages and tumor-killing ability of CD4+ T cells and CD8+ T cells that cooperate with them. It can also activates Treg cells and helper T cells causing tumor immunosuppression (50–58) (Figure 1).

As a regulatory factor which limits killing effect of T cells, PD-1 is widely present in a variety of T cells (59–63). PD-L1 is the receptor of PD-1, which is mostly expressed on the surface of tumor cells and macrophages (61, 64–66). TNBC cells can highly express PD-L1 so that their T cell killing effect in the tumor environment is significantly inhibited (56, 67–70). TAMs can secrete a variety of cytokines in the TNBC environment, which mediate their immunosuppressive and tumor-promoting activities (71–73). Studies have found that TAMs can secrete IFN-γ through JAK/STAT3 and PI3K/AKT signaling pathways, thereby inducing the expression of PD-L1 (74, 75). IL-6 is related to growth of TNBC and prognosis of patients. In the absence of IL-6, expression of PD-L1 is enhanced and the anti-PD-L1 antibody’s inhibitory activity in vivo is more significant (76–79). IL-18 is a pleiotropic cytokine member of the IL-1 family which has pro-inflammatory and anti-inflammatory functions (77, 80). It is produced by a variety of cell types including macrophages. Tumor-derived IL-18 levels are significantly related to the low survival rate of TNBC patients (81–83). TGF-β is a multifunctional cytokine, which participates in the production of Treg in the mouse tumor microenvironment and supports its suppression of effector T cells (18). TGF-β can also increase its inhibitory activity by inducing polarization of TAM to M2 phenotype, and induce the up-regulation of PD-L1 leading to tumor escape (84, 85). In addition, TAMs can also promote the development and activity of PD-1+Treg, and then participate in TNBC tumor immune escape (55, 86). PD-1 was also reported to be expressed on the surface of TAMs and mainly exist as type M2 (56, 87–89). Compare to CD68, a surface marker of M2, CD163 and CD260 are major markers with more specificity to help us identify M2 (Table 1) (90, 91).

TAMs with high expression of PD-1 have reduced phagocytic ability, which reduce anti-tumor immune effect to a certain extent (89). It blocks PD -1/PD-L1 binding and enhances the phagocytic ability of macrophages to inhibit tumor growth and effectively prolong the survival time of tumor-bearing mice (47). Under induction of tumor cells, TAMs become important mediators and regulatory factors for tumor immunosuppression and immune escape.



Promoting Tumor Blood Vessel and Lymphatic Vessel Formation

Tumor angiogenesis is an essential part of TNBC proliferation and metastasis (14, 92, 93). TAMs plays an indispensable role in promoting tumor angiogenesis (93). Hypoxia is a typical characteristic of solid tumors (94). Expression of HIF-1 is up-regulated in TNBC, which activates the HIF-CSF pathway and recruits a large number of macrophages to the tumor area (95, 96). This process is a key step in the recruitment of macrophages in TME. Recruited macrophages can participate in various stages of tumor angiogenesis. For example, matrix metalloproteinases and proteolytic enzymes produced by macrophages can reconstruct the extracellular matrix and provide favorable conditions for the formation of new blood vessels (93). Cytokines secreted by macrophages can provide a connecting framework for new blood vessels (20). Macrophages in TME can promote growth of lymphatic endothelial cells and provide support for tumor lymphatic metastasis. Induced by tumor cells, macrophages overexpress β4 integrin which forces macrophages to aggregate and adhere to the proximal end of lymphatic vessels. At the same time, their own expression of TGF-β1 drives the contraction of lymphatic endothelial cells (97) (Figure 1). Aggregated macrophages undergo lymphatic remodeling by increasing permeability and destroying surrounding tissues to achieve tumor cell metastasis via lymphatic pathways. Macrophages’ tissue function including renewal and remodeling of blood vessels together with lymphatic vasculature, though it improves the aggressiveness of tumors in the tumor environment.



TAMs and TNBC Migration and Invasion

It has been found that TAMs can enhance tumor cell stemness and increase tumor cell invasiveness by participating in epithelial-mesenchymal transition (EMT) (7, 98–100). Matrix metalloproteinases (MMPs), cysteine cathepsin and serine proteases secreted by TAMs can hydrolyze the extracellular matrix, which is conducive to invasion of tumor cells to surroundings (Figure 1). After co-incubating macrophages with different phenotypes with breast cancer cells, it was found that those co-incubated with M1 macrophages appeared as cobblestone-like epithelial-like cells under microscope. Compared with M2 macrophages, co-incubators appear as slenderer mesenchymal-like cells. In addition, E-cadherin in co-incubated with M2 group was significantly higher in co-incubated with M1 macrophages (7, 98, 100–104). It shows that M1 TAMs have the potential to reverse EMT, which can reduce the invasiveness of tumor cells to a certain extent.



TAMs and Prognosis Prediction

High density of TAMs in TNBC is associated with poor prognosis and indicates a higher risk of metastasis (105). TAMs immunohistochemical staining of tumor tissues found that patients with higher pathological grades were often accompanied by higher TAMs level. Compared with patients with low TAMs infiltration, the overall survival and disease-free survival of patients with higher group was significantly shortened (39, 51, 106). CD163 and CD204 are relatively specific markers for M2, the breast cancer infiltration of CD163 positive and CD204 positive TAMs tends to have a poor prognosis as these TAMs are associated with fast proliferation, poor differentiation (31–33). In addition, infiltrating TAMs also have a certain impact on the efficacy of chemotherapy. Common TNBC chemotherapeutic drugs can activate TAMs, and activated TAMs can promote the repair of damaged tumor tissues, thereby inducing chemotherapy tolerance (107, 108). Not only that, TAMs can produce a large amount of IL-10, which can inhibit the production of IL-12 by dendritic cells and limit the immune killing of tumors with CD8+ T cells (39). Further research found that compared with the number of TAMs, the phenotype of TAMs is more suitable for predicting efficacy of TNBC anthracycline chemotherapeutics (109).



TAMs-Based Targeted Therapy

In recent years, the targeted therapy of TAMs mainly focuses on inhibiting TAMs recruitment, TAMs depletion, and reversing the polarization of TAMs (110). Blocking the effect of chemokines is an important method to inhibit the recruitment of TAMs, and the current research targets are mostly CCL2/CCR2 (52, 111). The inhibition of the CCL2/CCR2 axis can reduce the mobilization of bone marrow mononuclear cells, thereby reducing the infiltration of macrophages in the breast (112, 113). Studies have shown that trabectedine and bortezomib can inhibit the recruitment of macrophages by reducing the content of CCL2 in plasma (114). CCL5 can induce the recurrence of breast cancer by recruiting macrophages in residual tumors. CCL5 may become an important target for adjuvant chemotherapy and curbing recurrence of TNBC (39, 115, 116). Cytokines can effectively regulate the polarization direction of TAMs. For instance, when TAMs are exposed to cytokines secreted by CD4+Th1 cells (such as TNF, IL-12, etc.), TAMs tend to be polarized as M1 type. The NF-kB pathway is an important pathway that regulates the transcription of CD4+Th1 cytokines. Activating the NF-kB pathway can promote the polarization of TAMs to M1 type, thereby inhibiting the progress of TNBC (18, 117).

Bisphosphonate-based macrophage apoptosis inducers have been widely used in TAMs depletion (118). Bisphosphonate is easily captured by macrophages through endocytosis. The internalized Bisphosphonate can inhibit the activity of famesyl diphosphate (FPP) synthase and induce macrophage apoptosis by limiting the prenylation of RAS-related proteins. Continuous administration of zoledronic acid in a mouse spontaneous breast cancer model can significantly reduce angiogenesis, reduce the density of TAMs, and improve survival. Many clinical trials have shown that bisphosphonate therapy in post-menopausal women with breast cancer have a significant benefit (119). However, it is not applied to the menopausal women (120).

CSF1 and CCL2 play a key role in the generation of TAM and are related to the growth of TNBC tumors (61, 121, 122). Inhibition of CSF1 in vivo can reduce TAM infiltration and tumor growth and progression. Blocking CSF-1 can affect the osteoclast production of cancer cells in the co-culture system (123). Similarly, inhibiting CCL2 can block tumor stem cell renewal and M2 recruitment, thereby inhibiting the progression of TNBC (124, 125). This indicates that inhibiting CSF1 and CCL2 may be an effective strategy to reduce the accumulation of TAM. The transcription factor NF-κB can regulate the expression of tumor-promoting genes (IL-6 and TNF-α). By activating the activity of NF-κB through the IKKβ pathway, TAM can be re-cultured to the M1 phenotype (126). Therefore, converting M2 to the anti-tumor M1 phenotype may be a potentially effective strategy for cancer patients.

In addition, regulating the expression of PD-1/PD-L1 by regulating various cytokines secreted by TAMs is also a potential therapeutic strategy (56). For example, JAK/STAT3 signal is related to PD-L1 overexpression induced by IFN-γ. Inhibition of STAT3 signal by WP1066 can reduce tumor-related endothelial angiogenesis and invasion, thereby reducing the incidence of brain metastasis (56). TGF-β is related to M2 polarization and PD-L1 overexpression (48). Therefore, the combination of TGF-β inhibitors and anti-PD-1/PD-L1 specific antibodies is reasonable in clinical practice, and related clinical trials are also underway.

Application of nanoparticle targeted drug delivery systems to traditional TAMs is currently a hot research topic (109, 127). Nanoparticles can carry drugs, metal materials, and miRNAs, which can work together to interfere with TAMs through a variety of mechanisms of action. Studies have found that dextran-coated iron oxide nanoparticles can generate reactive oxygen species (ROS) through the Fenton reaction mediated by iron oxide, which mediates the repolarization of TAMs to M1 macrophages, thereby inhibiting breast cancer progression (128). Incorporation chemotherapy with macrophage-related treatment can enhance the antitumor effect by recruiting macrophage to TAM and induce M2 polarize to M1 (22, 129).



Conclusion and Perspectives

TAMs are an important component of the tumor microenvironment and occupy a high proportion of immune cells (45). They participate in whole process of TNBC occurrence, development and metastasis by regulating tumor cell immune evasion, tumor blood vessel and lymphangiogenesis (130). The phenotypic transition of TAMs in TME promotes the tumor immune microenvironment to change from an anti-tumor state to an immunosuppressive state. This dynamic change makes TAMs an important part of regulating tumor behavior and feedback on efficacy evaluation. In view of the important role of TAMs in tumor progression, treatment strategies based on TAMs have emerged. Due to the high heterogeneity of TNBC, targeted therapy for a single TAMs-related pathway often comes to failure. In the future, cooperation macrophage-targeted therapy with conventional chemotherapy, immunotherapy and adjuvant therapy maybe a promising choice for TNBC (Table 2), and multimodal targeted therapy based on TAMs may become a research hotspot (131).


Table 2 | Treatment of triple negative breast cancer.





Author Contributions

RQ, RL, XQ, and ZL contributed to the conception of the study and wrote the manuscript. All authors contributed to the article and approved the submitted version.



Abbreviations

TNBC, Triple negative breast cancer; ER, estrogen receptor; PR, progesterone receptor; HER-2, human epidermal growth factor receptor 2; TME, tumor microenvironment; ClyA, Cytolysin A; LPS, Lipopolysaccharide; Arg1, Arginase I; IFN-γ, Interferon-gamma; TAMs, tumor-associated macrophages; TGF-β, Transforming growth factor beta; VEGF, vascular endothelial growth factor; TNF-α, Tumor necrosis factor alpha; IL, Interleukin; iNOS, Inducible nitric oxide synthase; CXCL-10:C-X-C Motif Chemokine Ligand 10 also known as Interferon γ–induced protein-10 (IP-10); CXCR3, C-X-C Motif Chemokine Receptor 3; CSF1, Colony stimulating factor 1; CCL2, Chemokine ligand 2; CCR2, chemokine receptor 2; FPP, famesyl diphosphate; PD-1, Programmed death-1; PD-L1, Programmed death-1 receptor; ROS, reactive oxygen species; EMT, epithelial-mesenchymal transition; MMPs, Matrix metalloproteinases.



References

1. Bergin, ART, and Loi, S. Triple-Negative Breast Cancer: Recent Treatment Advances. F1000Res (2019) 8:F1000 Faculty Rev-1342. doi: 10.12688/f1000research.18888.1

2. Costa, RLB, and Gradishar, WJ. Triple-Negative Breast Cancer: Current Practice and Future Directions. J Oncol Pract (2017) 13(5):301–3. doi: 10.1200/jop.2017.023333

3. André, F, and Zielinski, CC. Optimal Strategies for the Treatment of Metastatic Triple-Negative Breast Cancer With Currently Approved Agents. Ann Oncol (2012) 23:vi46–51. doi: 10.1093/annonc/mds195

4. Mathot, L, and Stenninger, J. Behavior of Seeds and Soil in the Mechanism of Metastasis: A Deeper Understanding. Cancer Sci (2012) 103(4):626–31. doi: 10.1111/j.1349-7006.2011.02195.x

5. Vinogradov, S, Warren, G, and Wei, X. Macrophages Associated With Tumors as Potential Targets and Therapeutic Intermediates. Nanomed (Lond) (2014) 9(5):695–707. doi: 10.2217/nnm.14.13

6. Siveen, KS, and Kuttan, G. Role of Macrophages in Tumour Progression. Immunol Lett (2009) 123(2):97–102. doi: 10.1016/j.imlet.2009.02.011

7. Zhang, W-j, Wang, X-h, Gao, S-t, Chen, C, Xu, X-y, Sun, Q, et al. Tumor-Associated Macrophages Correlate With Phenomenon of Epithelial-Mesenchymal Transition and Contribute to Poor Prognosis in Triple-Negative Breast Cancer Patients. J Surg Res (2018) 222:93–101. doi: 10.1016/j.jss.2017.09.035

8. Yuan, Z-Y, Luo, R-Z, Peng, R-J, Wang, S-S, and Xue, C. High Infiltration of Tumor-Associated Macrophages in Triple-Negative Breast Cancer is Associated With a Higher Risk of Distant Metastasis. OncoTargets Ther (2014) 7:1475–80. doi: 10.2147/OTT.S61838

9. Munir, MT, Kay, MK, Kang, MH, Rahman, MM, Al-Harrasi, A, Choudhury, M, et al. Tumor-Associated Macrophages as Multifaceted Regulators of Breast Tumor Growth. Int J Mol Sci (2021) 22(12):6526. doi: 10.3390/ijms22126526

10. Tan, Y, Wang, M, Zhang, Y, Ge, S, Zhong, F, Xia, G, et al. Tumor-Associated Macrophages: A Potential Target for Cancer Therapy. Front Oncol (2021) 11:693517. doi: 10.3389/fonc.2021.693517

11. Li, C, Xu, X, Wei, S, Jiang, P, Xue, L, and Wang, J. Tumor-Associated Macrophages: Potential Therapeutic Strategies and Future Prospects in Cancer. J Immunother Cancer (2021) 9(1):e001341. doi: 10.1136/jitc-2020-001341

12. Yan, S, and Wan, G. Tumor-Associated Macrophages in Immunotherapy. FEBS J (2021) 288(21):6174–86. doi: 10.1111/febs.15726

13. Noy, R, and Pollard, JW. Tumor-Associated Macrophages: From Mechanisms to Therapy. Immunity (2014) 41(1):49–61. doi: 10.1016/j.immuni.2014.06.010

14. Biswas, SK, Allavena, P, and Mantovani, A. Tumor-Associated Macrophages: Functional Diversity, Clinical Significance, and Open Questions. Semin Immunopathol (2013) 35(5):585–600. doi: 10.1007/s00281-013-0367-7

15. Galdiero, MR, Garlanda, C, Jaillon, S, Marone, G, and Mantovani, A. Tumor Associated Macrophages and Neutrophils in Tumor Progression. J Cell Physiol (2013) 228(7):1404–12. doi: 10.1002/jcp.24260

16. Hu, W, Li, X, Zhang, C, Yang, Y, Jiang, J, and Wu, C. Tumor-Associated Macrophages in Cancers. Clin Trans Oncol (2016) 18(3):251–8. doi: 10.1007/s12094-015-1373-0

17. Chanmee, T, Ontong, P, Konno, K, and Itano, N. Tumor-Associated Macrophages as Major Players in the Tumor Microenvironment. Cancers (2014) 6(3):1670–90. doi: 10.3390/cancers6031670

18. Sawa-Wejksza, K, and Kandefer-Szerszeń, M. Tumor-Associated Macrophages as Target for Antitumor Therapy. Archivum Immunol Ther Experimentalis (2018) 66(2):97–111. doi: 10.1007/s00005-017-0480-8

19. Mantovani, A, and Allavena, P. The Interaction of Anticancer Therapies With Tumor-Associated Macrophages. J Exp Med (2015) 212(4):435–45. doi: 10.1084/jem.20150295

20. Wang, J, Li, D, Cang, H, and Guo, B. Crosstalk Between Cancer and Immune Cells: Role of Tumor-Associated Macrophages in the Tumor Microenvironment. Cancer Med (2019) 8(10):4709–21. doi: 10.1002/cam4.2327

21. Pathria, P, Louis, TL, and Varner, JA. Targeting Tumor-Associated Macrophages in Cancer. Trends Immunol (2019) 40(4):310–27. doi: 10.1016/j.it.2019.02.003

22. Adams, S, Wuescher, LM, Worth, R, and Yildirim-Ayan, E. Mechano-Immunomodulation: Mechanoresponsive Changes in Macrophage Activity and Polarization. Ann BioMed Eng (2019) 47(11):2213–31. doi: 10.1007/s10439-019-02302-4

23. Zhou, K, Cheng, T, Zhan, J, Peng, X, Zhang, Y, Wen, J, et al. Targeting Tumor-Associated Macrophages in the Tumor Microenvironment. Oncol Lett (2020) 20(5):234. doi: 10.3892/ol.2020.12097.

24. Shu, Y, and Cheng, P. Targeting Tumor-Associated Macrophages for Cancer Immunotherapy. Biochim Biophys Acta Rev Cancer (2020) 1874(2):188434. doi: 10.1016/j.bbcan.2020.188434

25. Salmaninejad, A, Valilou, SF, Soltani, A, Ahmadi, S, Abarghan, YJ, Rosengren, RJ, et al. Tumor-Associated Macrophages: Role in Cancer Development and Therapeutic Implications. Cell Oncol (Dordrecht) (2019) 42(5):591–608. doi: 10.1007/s13402-019-00453-z

26. Pan, Y, Yu, Y, Wang, X, and Zhang, T. Tumor-Associated Macrophages in Tumor Immunity. Front Immunol (2020) 11:583084. doi: 10.3389/fimmu.2020.583084

27. Malekghasemi, S, Majidi, J, Baghbanzadeh, A, Abdolalizadeh, J, Baradaran, B, and Aghebati-Maleki, L. Tumor-Associated Macrophages: Protumoral Macrophages in Inflammatory Tumor Microenvironment. Adv Pharm Bull (2020) 10(4):556–65. doi: 10.34172/apb.2020.066

28. Guan, Y, Chen, JQ, Li, XY, and Jiang, SN. ClyA Enhances LPS-Induced IL-1beta Secretion in Human Macrophages Through TLR4 and NLRP3 Signaling. J Biol Regul Homeost Agents (2021) 35(2):495–504. doi: 10.23812/20-500-A

29. Wang, LX, Zhang, SX, Wu, HJ, Rong, XL, and Guo, J. M2b Macrophage Polarization and its Roles in Diseases. J Leukoc Biol (2019) 106(2):345–58. doi: 10.1002/JLB.3RU1018-378RR

30. Li, LX, Xia, YT, Sun, XY, Li, LR, Yao, L, Ali, MI, et al. CXCL-10/CXCR3 in Macrophages Regulates Tissue Repair by Controlling the Expression of Arg1, VEGFa and TNFalpha. J Biol Regul Homeost Agents (2020) 34(3):987–99. doi: 10.23812/20-59-A-65.

31. Jamiyan, T, Kuroda, H, Yamaguchi, R, Abe, A, and Hayashi, M. CD68- and CD163-Positive Tumor-Associated Macrophages in Triple Negative Cancer of the Breast. Virchows Arch (2020) 477(6):767–75. doi: 10.1007/s00428-020-02855-z

32. Sousa, S, Brion, R, Lintunen, M, Kronqvist, P, Sandholm, J, Monkkonen, J, et al. Human Breast Cancer Cells Educate Macrophages Toward the M2 Activation Status. Breast Cancer Res (2015) 17:101. doi: 10.1186/s13058-015-0621-0

33. Zhang, B, Cao, M, He, Y, Liu, Y, Zhang, G, Yang, C, et al. Increased Circulating M2-Like Monocytes in Patients With Breast Cancer. Tumour Biol (2017) 39(6):1010428317711571. doi: 10.1177/1010428317711571

34. Laviron, M, and Boissonnas, A. Ontogeny of Tumor-Associated Macrophages. Front Immunol (2019) 10:1799. doi: 10.3389/fimmu.2019.01799

35. Liu, Y, Ji, X, Kang, N, Zhou, J, Liang, X, Li, J, et al. Tumor Necrosis Factor α Inhibition Overcomes Immunosuppressive M2b Macrophage-Induced Bevacizumab Resistance in Triple-Negative Breast Cancer. Cell Death Dis (2020) 11(11):993. doi: 10.1038/s41419-020-03161-x

36. Donzelli, S, Sacconi, A, Turco, C, Gallo, E, Milano, E, Iosue, I, et al. Paracrine Signaling From Breast Cancer Cells Causes Activation of ID4 Expression in Tumor-Associated Macrophages. Cells (2020) 9(2):418. doi: 10.3390/cells9020418

37. Steenbrugge, J, Breyne, K, Demeyere, K, De Wever, O, Sanders, NN, Van Den Broeck, W, et al. Anti-Inflammatory Signaling by Mammary Tumor Cells Mediates Prometastatic Macrophage Polarization in an Innovative Intraductal Mouse Model for Triple-Negative Breast Cancer. J Exp Clin Cancer Res: CR (2018) 37(1):191–1. doi: 10.1186/s13046-018-0860-x

38. Zhuang, H, Dai, X, Zhang, X, Mao, Z, and Huang, H. Sophoridine Suppresses Macrophage-Mediated Immunosuppression Through TLR4/IRF3 Pathway and Subsequently Upregulates CD8(+) T Cytotoxic Function Against Gastric Cancer. Biomed Pharmacother = Biomed Pharmacother (2020) 121:109636. doi: 10.1016/j.biopha.2019.109636

39. Wang, J, Chen, H, Chen, X, and Lin, H. Expression of Tumor-Related Macrophages and Cytokines After Surgery of Triple-Negative Breast Cancer Patients and its Implications. Med Sci Monit (2016) 22:115–20. doi: 10.12659/msm.895386

40. Lavy, M, Gauttier, V, Poirier, N, Barillé-Nion, S, and Blanquart, C. Specialized Pro-Resolving Mediators Mitigate Cancer-Related Inflammation: Role of Tumor-Associated Macrophages and Therapeutic Opportunities. Front Immunol (2021) 12:702785. doi: 10.3389/fimmu.2021.702785

41. Sami, E, Paul, BT, Koziol, JA, and ElShamy, WM. The Immunosuppressive Microenvironment in BRCA1-IRIS-Overexpressing TNBC Tumors Is Induced by Bidirectional Interaction With Tumor-Associated Macrophages. Cancer Res (2020) 80(5):1102–17. doi: 10.1158/0008-5472.can-19-2374

42. Yang, S, Liu, Q, and Liao, Q. Tumor-Associated Macrophages in Pancreatic Ductal Adenocarcinoma: Origin, Polarization, Function, and Reprogramming. Front Cell Dev Biol (2020) 8:607209. doi: 10.3389/fcell.2020.607209

43. Stopforth, RJ, and Ward, ES. The Role of Antigen Presentation in Tumor-Associated Macrophages. Crit Rev Immunol (2020) 40(3):205–24. doi: 10.1615/CritRevImmunol.2020034910

44. Liang, W, Huang, X, Carlos, CJJ, and Lu, X. Research Progress of Tumor Microenvironment and Tumor-Associated Macrophages. Clin Trans Oncol (2020) 22(12):2141–52. doi: 10.1007/s12094-020-02367-x

45. Zhou, J, Tang, Z, Gao, S, Li, C, Feng, Y, and Zhou, X. Tumor-Associated Macrophages: Recent Insights and Therapies. Front Oncol (2020) 10:188. doi: 10.3389/fonc.2020.00188

46. Roumenina, LT, Daugan, MV, Noé, R, Petitprez, F, Vano, YA, Sanchez-Salas, R, et al. Tumor Cells Hijack Macrophage-Produced Complement C1q to Promote Tumor Growth. Cancer Immunol Res (2019) 7(7):1091–105. doi: 10.1158/2326-6066.cir-18-0891

47. Gordon, SR, Maute, RL, Dulken, BW, Hutter, G, George, BM, McCracken, MN, et al. PD-1 Expression by Tumour-Associated Macrophages Inhibits Phagocytosis and Tumour Immunity. Nature (2017) 545(7655):495–9. doi: 10.1038/nature22396

48. Petty, AJ, and Yang, Y. Tumor-Associated Macrophages: Implications in Cancer Immunotherapy. Immunotherapy (2017) 9(3):289–302. doi: 10.2217/imt-2016-0135

49. Obeid, E, Nanda, R, Fu, YX, and Olopade, OI. The Role of Tumor-Associated Macrophages in Breast Cancer Progression (Review). Int J Oncol (2013) 43(1):5–12. doi: 10.3892/ijo.2013.1938

50. Mantovani, A, Marchesi, F, Malesci, A, Laghi, L, and Allavena, P. Tumour-Associated Macrophages as Treatment Targets in Oncology. Nat Rev Clin Oncol (2017) 14(7):399–416. doi: 10.1038/nrclinonc.2016.217

51. Kuroda, H, Jamiyan, T, Yamaguchi, R, Kakumoto, A, Abe, A, Harada, O, et al. Tumor Microenvironment in Triple-Negative Breast Cancer: The Correlation of Tumor-Associated Macrophages and Tumor-Infiltrating Lymphocytes. Clin Trans Oncol (2021) 23(12):2513–25. doi: 10.1007/s12094-021-02652-3

52. Fujiwara, T, Healey, J, Ogura, K, Yoshida, A, Kondo, H, Hata, T, et al. Role of Tumor-Associated Macrophages in Sarcomas. Cancers (2021) 13(5):1086. doi: 10.3390/cancers13051086

53. Huang, Q, Liang, X, Ren, T, Huang, Y, Zhang, H, Yu, Y, et al. The Role of Tumor-Associated Macrophages in Osteosarcoma Progression - Therapeutic Implications. Cell Oncol (Dordrecht) (2021) 44(3):525–39. doi: 10.1007/s13402-021-00598-w

54. Lecoultre, M, Dutoit, V, and Walker, PR. Phagocytic Function of Tumor-Associated Macrophages as a Key Determinant of Tumor Progression Control: A Review. J Immunother Cancer (2020) 8(2):e001408. doi: 10.1136/jitc-2020-001408

55. Yamaguchi, K, Tsuchihashi, K, Tsuji, K, Kito, Y, Tanoue, K, Ohmura, H, et al. Prominent PD-L1-Positive M2 Macrophage Infiltration in Gastric Cancer With Hyper-Progression After Anti-PD-1 Therapy: A Case Report. Medicine (2021) 100(19):e25773. doi: 10.1097/MD.0000000000025773

56. Santoni, M, Romagnoli, E, Saladino, T, Foghini, L, Guarino, S, Capponi, M, et al. Triple Negative Breast Cancer: Key Role of Tumor-Associated Macrophages in Regulating the Activity of Anti-PD-1/PD-L1 Agents. Biochim Biophys Acta Rev Cancer (2018) 1869(1):78–84. doi: 10.1016/j.bbcan.2017.10.007

57. Fujimura, T, Kambayashi, Y, Fujisawa, Y, Hidaka, T, and Aiba, S. Tumor-Associated Macrophages: Therapeutic Targets for Skin Cancer. Front Oncol (2018) 8:3. doi: 10.3389/fonc.2018.00003

58. Fujimura, T, Kakizaki, A, Furudate, S, Kambayashi, Y, and Aiba, S. Tumor-Associated Macrophages in Skin: How to Treat Their Heterogeneity and Plasticity. J Dermatol Sci (2016) 83(3):167–73. doi: 10.1016/j.jdermsci.2016.05.015

59. Tian, Y, Li, R, Liu, Y, Li, M, Song, Y, Zheng, Y, et al. The Risk of Immune-Related Thyroid Dysfunction Induced by PD-1/PD-L1 Inhibitors in Cancer Patients: An Updated Systematic Review and Meta-Analysis. Front Oncol (2021) 11:667650. doi: 10.3389/fonc.2021.667650

60. Que, Y, Wang, J, Zhu, J, Li, N, Huang, J, Lu, S, et al. Combination Therapy With Anti-PD-1 or PD-1 Antibody Alone in Asian Pediatric Patients With Relapsed or Refractory Cancer. Front Immunol (2021) 12:647733:647733. doi: 10.3389/fimmu.2021.647733

61. Cai, H, Zhang, Y, Wang, J, and Gu, J. Defects in Macrophage Reprogramming in Cancer Therapy: The Negative Impact of PD-L1/PD-1. Front Immunol (2021) 12:690869. doi: 10.3389/fimmu.2021.690869

62. Wang, Q, Bardhan, K, Boussiotis, VA, and Patsoukis, N. The PD-1 Interactome. Adv Biol (2021) 25:e2100758. doi: 10.1002/adbi.202100758

63. Pauken, KE, Torchia, JA, Chaudhri, A, Sharpe, AH, and Freeman, GJ. Emerging Concepts in PD-1 Checkpoint Biology. Semin Immunol (2021) 15:101480. doi: 10.1016/j.smim.2021.101480

64. Zhao, Y, Liu, L, and Weng, L. Comparisons of Underlying Mechanisms, Clinical Efficacy and Safety Between Anti-PD-1 and Anti-PD-L1 Immunotherapy: The State-Of-the-Art Review and Future Perspectives. Front Pharmacol (2021) 12:714483. doi: 10.3389/fphar.2021.714483

65. Wojtukiewicz, MZ, Rek, MM, Karpowicz, K, Gorska, M, Politynska, B, Wojtukiewicz, AM, et al. Inhibitors of Immune Checkpoints-PD-1, PD-L1, CTLA-4-New Opportunities for Cancer Patients and a New Challenge for Internists and General Practitioners. Cancer Metastasis Rev (2021) 40(3):949–82. doi: 10.1007/s10555-021-09976-0

66. Borst, J, Busselaar, J, Bosma, DMT, and Ossendorp, F. Mechanism of Action of PD-1 Receptor/Ligand Targeted Cancer Immunotherapy. Eur J Immunol (2021) 51(8):1911–20. doi: 10.1002/eji.202048994

67. Gonzalez-Ericsson, PI, Wulfkhule, JD, Gallagher, RI, Sun, X, Axelrod, ML, Sheng, Q, et al. Tumor-Specific Major Histocompatibility-II Expression Predicts Benefit to Anti-PD-1/L1 Therapy in Patients With HER2-Negative Primary Breast Cancer. Clin Cancer Res (2021) 27(19):5299–306. doi: 10.1158/1078-0432.CCR-21-0607

68. Brautigam, K, Kabore-Wolff, E, Hussain, AF, Polack, S, Rody, A, Hanker, L, et al. Inhibitors of PD-1/PD-L1 and ERK1/2 Impede the Proliferation of Receptor Positive and Triple-Negative Breast Cancer Cell Lines. J Cancer Res Clin Oncol (2021) 147(10):2923–33. doi: 10.1007/s00432-021-03694-4

69. Qiu, Y, Yang, Y, Yang, R, Liu, C, Hsu, JM, Jiang, Z, et al. Activated T Cell-Derived Exosomal PD-1 Attenuates PD-L1-Induced Immune Dysfunction in Triple-Negative Breast Cancer. Oncogene (2021) 40(31):4992–5001. doi: 10.1038/s41388-021-01896-1

70. Bottai, G, Raschioni, C, Losurdo, A, Di Tommaso, L, Tinterri, C, Torrisi, R, et al. An Immune Stratification Reveals a Subset of PD-1/LAG-3 Double-Positive Triple-Negative Breast Cancers. Breast Cancer Res: BCR (2016) 18(1):121. doi: 10.1186/s13058-016-0783-4

71. Wu, S, Shi, X, Wang, J, Wang, X, Liu, Y, Luo, Y, et al. Triple-Negative Breast Cancer: Intact Mismatch Repair and Partial Co-Expression of PD-L1 and LAG-3. Front Immunol (2021) 12:561793. doi: 10.3389/fimmu.2021.561793

72. Li, C, and Xu, L. Single-Cell Transcriptome Analysis Reveals the M2 Macrophages and Exhausted T Cells and Intratumoral Heterogeneity in Triple-Negative Breast Cancer. Anti-cancer Agents Med Chem (2021) 22(2):294–312. doi: 10.2174/1871520621666210618100857

73. Ahmed, FS, Gaule, P, McGuire, J, Patel, K, Blenman, K, Pusztai, L, et al. PD-L1 Protein Expression on Both Tumor Cells and Macrophages are Associated With Response to Neoadjuvant Durvalumab With Chemotherapy in Triple-Negative Breast Cancer. Clin Cancer Res (2020) 26(20):5456–61. doi: 10.1158/1078-0432.ccr-20-1303

74. Parveen, S, Siddharth, S, Cheung, LS, Kumar, A, Shen, J, Murphy, JR, et al. Therapeutic Targeting With DABIL-4 Depletes Myeloid Suppressor Cells in 4T1 Triple-Negative Breast Cancer Model. Mol Oncol (2021) 15(5):1330–44. doi: 10.1002/1878-0261.12938

75. Zhang, X, Zeng, Y, Qu, Q, Zhu, J, Liu, Z, Ning, W, et al. PD-L1 Induced by IFN-γ From Tumor-Associated MacrophagesVia the JAK/STAT3 and PI3K/AKT Signaling Pathways Promoted Progression of Lung Cancer. Int J Clin Oncol (2017) 22(6):1026–33. doi: 10.1007/s10147-017-1161-7

76. Qiao, J, Chen, Y, Mi, Y, Jin, H, Wang, L, Huang, T, et al. Macrophages Confer Resistance to BET Inhibition in Triple-Negative Breast Cancer by Upregulating IKBKE. Biochem Pharmacol (2020) 180:114126. doi: 10.1016/j.bcp.2020.114126

77. Song, W, Thakor, P, Vesey, DA, Gobe, GC, and Morais, C. Conditioned Medium From Stimulated Macrophages Inhibits Growth But Induces an Inflammatory Phenotype in Breast Cancer Cells. Biomed Pharmacother = Biomed Pharmacother (2018) 106:247–54. doi: 10.1016/j.biopha.2018.06.126

78. Morrow, RJ, Etemadi, N, Yeo, B, and Ernst, M. Challenging a Misnomer? The Role of Inflammatory Pathways in Inflammatory Breast Cancer. Mediators Inflamm (2017) 2017:4754827. doi: 10.1155/2017/4754827

79. Cannon, MJ, Ghosh, D, and Gujja, S. Signaling Circuits and Regulation of Immune Suppression by Ovarian Tumor-Associated Macrophages. Vaccines (2015) 3(2):448–66. doi: 10.3390/vaccines3020448

80. Deng, XX, Jiao, YN, Hao, HF, Xue, D, Bai, CC, and Han, SY. Taraxacum Mongolicum Extract Inhibited Malignant Phenotype of Triple-Negative Breast Cancer Cells in Tumor-Associated Macrophages Microenvironment Through Suppressing IL-10/STAT3/PD-L1 Signaling Pathways. J Ethnopharmacol (2021) 274:113978. doi: 10.1016/j.jep.2021.113978

81. Dixon, KO, Tabaka, M, Schramm, MA, Xiao, S, Tang, R, Dionne, D, et al. TIM-3 Restrains Anti-Tumour Immunity by Regulating Inflammasome Activation. Nature (2021) 595(7865):101–6. doi: 10.1038/s41586-021-03626-9

82. Li, S, Jiang, L, Beckmann, K, Højen, JF, Pessara, U, Powers, NE, et al. A Novel Anti-Human IL-1R7 Antibody Reduces IL-18-Mediated Inflammatory Signaling. J Biol Chem (2021) 296:100630. doi: 10.1016/j.jbc.2021.100630

83. Kanai, T, Uraushihara, K, Totsuka, T, Okazawa, A, Hibi, T, Oshima, S, et al. Macrophage-Derived IL-18 Targeting for the Treatment of Crohn’s Disease. Curr Drug Targets Inflammation Allergy (2003) 2(2):131–6. doi: 10.2174/1568010033484250

84. Rabinovich, GA, and Conejo-García, JR. Shaping the Immune Landscape in Cancer by Galectin-Driven Regulatory Pathways. J Mol Biol (2016) 428(16):3266–81. doi: 10.1016/j.jmb.2016.03.021

85. Lucas, CL, Workman, CJ, Beyaz, S, LoCascio, S, Zhao, G, Vignali, DA, et al. LAG-3, TGF-β, and Cell-Intrinsic PD-1 Inhibitory Pathways Contribute to CD8 But Not CD4 T-Cell Tolerance Induced by Allogeneic BMT With Anti-CD40L. Blood (2011) 117(20):5532–40. doi: 10.1182/blood-2010-11-318675

86. Koh, J, Hur, JY, Lee, KY, Kim, MS, Heo, JY, Ku, BM, et al. Regulatory (FoxP3(+)) T Cells and TGF-β Predict the Response to Anti-PD-1 Immunotherapy in Patients With non-Small Cell Lung Cancer. Sci Rep (2020) 10(1):18994. doi: 10.1038/s41598-020-76130-1

87. Hensler, M, Kasikova, L, Fiser, K, Rakova, J, Skapa, P, Laco, J, et al. M2-Like Macrophages Dictate Clinically Relevant Immunosuppression in Metastatic Ovarian Cancer. J Immunother Cancer (2020) 8(2):e000979. doi: 10.1136/jitc-2020-000979

88. Jiang, LR, Zhang, N, Chen, ST, He, J, Liu, YH, Han, YQ, et al. PD-1-Positive Tumor-Associated Macrophages Define Poor Clinical Outcomes in Patients With Muscle Invasive Bladder Cancer Through Potential CD68/PD-1 Complex Interactions. Front Oncol (2021) 11:679928. doi: 10.3389/fonc.2021.679928

89. Lu, D, Ni, Z, Liu, X, Feng, S, Dong, X, Shi, X, et al. Beyond T Cells: Understanding the Role of PD-1/PD-L1 in Tumor-Associated Macrophages. J Immunol Res (2019) 2019:1919082. doi: 10.1155/2019/1919082

90. Rebelo, SP, Pinto, C, Martins, TR, Harrer, N, Estrada, MF, Loza-Alvarez, P, et al. 3D-3-Culture: A Tool to Unveil Macrophage Plasticity in the Tumour Microenvironment. Biomaterials (2018) 163:185–97. doi: 10.1016/j.biomaterials.2018.02.030

91. Tedesco, S, Bolego, C, Toniolo, A, Nassi, A, Fadini, GP, Locati, M, et al. Phenotypic Activation and Pharmacological Outcomes of Spontaneously Differentiated Human Monocyte-Derived Macrophages. Immunobiology (2015) 220(5):545–54. doi: 10.1016/j.imbio.2014.12.008

92. Chen, Y, Song, Y, Du, W, Gong, L, Chang, H, and Zou, Z. Tumor-Associated Macrophages: An Accomplice in Solid Tumor Progression. J Biomed Sci (2019) 26(1):78. doi: 10.1186/s12929-019-0568-z

93. Fu, LQ, Du, WL, Cai, MH, Yao, JY, Zhao, YY, and Mou, XZ. The Roles of Tumor-Associated Macrophages in Tumor Angiogenesis and Metastasis. Cell Immunol (2020) 353:104119. doi: 10.1016/j.cellimm.2020.104119

94. Henze, AT, and Mazzone, M. The Impact of Hypoxia on Tumor-Associated Macrophages. J Clin Invest (2016) 126(10):3672–9. doi: 10.1172/jci84427

95. Capece, D, Fischietti, M, Verzella, D, Gaggiano, A, Cicciarelli, G, Tessitore, A, et al. The Inflammatory Microenvironment in Hepatocellular Carcinoma: A Pivotal Role for Tumor-Associated Macrophages. BioMed Res Int (2013) 2013:187204. doi: 10.1155/2013/187204

96. Szebeni, GJ, Vizler, C, Kitajka, K, and Puskas, LG. Inflammation and Cancer: Extra- and Intracellular Determinants of Tumor-Associated Macrophages as Tumor Promoters. Mediators Inflamm (2017) 2017:9294018. doi: 10.1155/2017/9294018

97. Evans, R, Flores-Borja, F, Nassiri, S, Miranda, E, Lawler, K, Grigoriadis, A, et al. Integrin-Mediated Macrophage Adhesion Promotes Lymphovascular Dissemination in Breast Cancer. Cell Rep (2019) 27(7):1967–1978.e4. doi: 10.1016/j.celrep.2019.04.076

98. Bao, X, Shi, R, Zhao, T, Wang, Y, Anastasov, N, Rosemann, M, et al. Integrated Analysis of Single-Cell RNA-Seq and Bulk RNA-Seq Unravels Tumour Heterogeneity Plus M2-Like Tumour-Associated Macrophage Infiltration and Aggressiveness in TNBC. Cancer Immunol Immunother: CII (2021) 70(1):189–202. doi: 10.1007/s00262-020-02669-7

99. Cheng, Z, Wang, L, Wu, C, Huang, L, Ruan, Y, and Xue, W. Tumor-Derived Exosomes Induced M2 Macrophage Polarization and Promoted the Metastasis of Osteosarcoma Cells Through Tim-3. Arch Med Res (2021) 52(2):200–10. doi: 10.1016/j.arcmed.2020.10.018

100. Song, W, Mazzieri, R, Yang, T, and Gobe, GC. Translational Significance for Tumor Metastasis of Tumor-Associated Macrophages and Epithelial-Mesenchymal Transition. Front Immunol (2017) 8:1106. doi: 10.3389/fimmu.2017.01106

101. Lin, L, Luo, X, Wang, L, Xu, F, He, Y, Wang, Q, et al. BML-111 Inhibits EMT, Migration and Metastasis of TAMs-Stimulated Triple-Negative Breast Cancer Cells via ILK Pathway. Int Immunopharmacol (2020) 85:106625. doi: 10.1016/j.intimp.2020.106625

102. Vakili-Ghartavol, R, Mombeiny, R, Salmaninejad, A, Sorkhabadi, SMR, Faridi-Majidi, R, Jaafari, MR, et al. Tumor-Associated Macrophages and Epithelial-Mesenchymal Transition in Cancer: Nanotechnology Comes Into View. J Cell Physiol (2018) 233(12):9223–36. doi: 10.1002/jcp.27027

103. Zeng, X-Y, Xie, H, Yuan, J, Jiang, X-Y, Yong, J-H, Zeng, D, et al. M2-Like Tumor-Associated Macrophages-Secreted EGF Promotes Epithelial Ovarian Cancer Metastasis via Activating EGFR-ERK Signaling and Suppressing lncRNA LIMT Expression. Cancer Biol Ther (2019) 20(7):956–66. doi: 10.1080/15384047.2018.1564567

104. Zhang, J, Yao, H, Song, G, Liao, X, Xian, Y, and Li, W. Regulation of Epithelial-Mesenchymal Transition by Tumor-Associated Macrophages in Cancer. Am J Trans Res (2015) 7(10):1699–711. doi: 10.1038/1943-8141/AJTR0012104

105. Bottai, G, Raschioni, C, Székely, B, Di Tommaso, L, Szász, AM, Losurdo, A, et al. AXL-Associated Tumor Inflammation as a Poor Prognostic Signature in Chemotherapy-Treated Triple-Negative Breast Cancer Patients. NPJ Breast Cancer (2016) 2:16033. doi: 10.1038/npjbcancer.2016.33

106. Hollmén, M, Karaman, S, Schwager, S, Lisibach, A, Christiansen, AJ, Maksimow, M, et al. G-CSF Regulates Macrophage Phenotype and Associates With Poor Overall Survival in Human Triple-Negative Breast Cancer. Oncoimmunology (2016) 5(3):e1115177. doi: 10.1080/2162402x.2015.1115177

107. Chen, M, Miao, Y, Qian, K, Zhou, X, Guo, L, Qiu, Y, et al. Detachable Liposomes Combined Immunochemotherapy for Enhanced Triple-Negative Breast Cancer Treatment Through Reprogramming of Tumor-Associated Macrophages. Nano Lett (2021) 21(14):6031–41. doi: 10.1021/acs.nanolett.1c01210

108. Ye, JH, Wang, XH, Shi, JJ, Yin, X, Chen, C, Chen, Y, et al. Tumor-Associated Macrophages are Associated With Response to Neoadjuvant Chemotherapy and Poor Outcomes in Patients With Triple-Negative Breast Cancer. J Cancer (2021) 12(10):2886–92. doi: 10.7150/jca.47566

109. Niu, M, Valdes, S, Naguib, YW, Hursting, SD, and Cui, Z. Tumor-Associated Macrophage-Mediated Targeted Therapy of Triple-Negative Breast Cancer. Mol Pharmaceutics (2016) 13(6):1833–42. doi: 10.1021/acs.molpharmaceut.5b00987

110. Cheng, N, Bai, X, Shu, Y, Ahmad, O, and Shen, P. Targeting Tumor-Associated Macrophages as an Antitumor Strategy. Biochem Pharmacol (2021) 183:114354. doi: 10.1016/j.bcp.2020.114354

111. Gambardella, V, Castillo, J, Tarazona, N, Gimeno-Valiente, F, Martínez-Ciarpaglini, C, Cabeza-Segura, M, et al. The Role of Tumor-Associated Macrophages in Gastric Cancer Development and Their Potential as a Therapeutic Target. Cancer Treat Rev (2020) 86:102015. doi: 10.1016/j.ctrv.2020.102015

112. Yin, S, Wang, N, Riabov, V, Mossel, DM, Larionova, I, Schledzewski, K, et al. SI-CLP Inhibits the Growth of Mouse Mammary Adenocarcinoma by Preventing Recruitment of Tumor-Associated Macrophages. Int J Cancer (2020) 146(5):1396–408. doi: 10.1002/ijc.32685

113. Li, F, Kitajima, S, Kohno, S, Yoshida, A, Tange, S, Sasaki, S, et al. Retinoblastoma Inactivation Induces a Protumoral Microenvironment via Enhanced CCL2 Secretion. Cancer Res (2019) 79(15):3903–15. doi: 10.1158/0008-5472.can-18-3604

114. Tang, X, Mo, C, Wang, Y, Wei, D, and Xiao, H. Anti-Tumour Strategies Aiming to Target Tumour-Associated Macrophages. Immunology (2013) 138(2):93–104. doi: 10.1111/imm.12023

115. Frankenberger, C, Rabe, D, Bainer, R, Sankarasharma, D, Chada, K, Krausz, T, et al. Metastasis Suppressors Regulate the Tumor Microenvironment by Blocking Recruitment of Prometastatic Tumor-Associated Macrophages. Cancer Res (2015) 75(19):4063–73. doi: 10.1158/0008-5472.can-14-3394

116. Araujo, JM, Gomez, AC, Aguilar, A, Salgado, R, Balko, JM, Bravo, L, et al. Effect of CCL5 Expression in the Recruitment of Immune Cells in Triple Negative Breast Cancer. Sci Rep (2018) 8(1):4899. doi: 10.1038/s41598-018-23099-7

117. Bauer, D, Redmon, N, Mazzio, E, and Soliman, KF. Apigenin Inhibits Tnfα/IL-1α-Induced CCL2 Release Through IKBK-Epsilon Signaling in MDA-MB-231 Human Breast Cancer Cells. PloS One (2017) 12(4):e0175558. doi: 10.1371/journal.pone.0175558

118. Rogers, TL, and Holen, I. Tumour Macrophages as Potential Targets of Bisphosphonates. J Trans Med (2011) 9:177–7. doi: 10.1186/1479-5876-9-177

119. Liu, Y, Zhao, S, Chen, W, Hu, F, Zhu, L, Zhang, Q, et al. Bisphosphonate Use and the Risk of Breast Cancer: A Meta-Analysis of Published Literature. Clin Breast Cancer (2012) 12(4):276–81. doi: 10.1016/j.clbc.2012.04.003

120. Early Breast Cancer Trialists’ Collaborative G. Adjuvant Bisphosphonate Treatment in Early Breast Cancer: Meta-Analyses of Individual Patient Data From Randomised Trials. Lancet (2015) 386(10001):1353–61. doi: 10.1016/S0140-6736(15)60908-4

121. Chaturvedi, P, Gilkes, DM, Takano, N, and Semenza, GL. Hypoxia-Inducible Factor-Dependent Signaling Between Triple-Negative Breast Cancer Cells and Mesenchymal Stem Cells Promotes Macrophage Recruitment. Proc Natl Acad Sci USA (2014) 111(20):E2120–9. doi: 10.1073/pnas.1406655111

122. Wang, L, Simons, DL, Lu, X, Tu, TY, Avalos, C, Chang, AY, et al. Breast Cancer Induces Systemic Immune Changes on Cytokine Signaling in Peripheral Blood Monocytes and Lymphocytes. EBioMedicine (2020) 52:102631. doi: 10.1016/j.ebiom.2020.102631

123. Liverani, C, Mercatali, L, Spadazzi, C, La Manna, F, De Vita, A, Riva, N, et al. CSF-1 Blockade Impairs Breast Cancer Osteoclastogenic Potential in Co-Culture Systems. Bone (2014) 66::214–22. doi: 10.1016/j.bone.2014.06.017

124. Liu, Y, Tiruthani, K, Wang, M, Zhou, X, Qiu, N, Xiong, Y, et al. Tumor-Targeted Gene Therapy With Lipid Nanoparticles Inhibits Tumor-Associated Adipocytes and Remodels the Immunosuppressive Tumor Microenvironment in Triple-Negative Breast Cancer. Nanoscale Horizons (2021) 6(4):319–29. doi: 10.1039/d0nh00588f

125. Hollmén, M, Roudnicky, F, Karaman, S, and Detmar, M. Characterization of Macrophage–Cancer Cell Crosstalk in Estrogen Receptor Positive and Triple-Negative Breast Cancer. Sci Rep (2015) 5:9188. doi: 10.1038/srep09188

126. Rego, SL, Helms, RS, and Dréau, D. Tumor Necrosis Factor-Alpha-Converting Enzyme Activities and Tumor-Associated Macrophages in Breast Cancer. Immunol Res (2014) 58(1):87–100. doi: 10.1007/s12026-013-8434-7

127. Andón, FT, Digifico, E, Maeda, A, Erreni, M, Mantovani, A, Alonso, MJ, et al. Targeting Tumor Associated Macrophages: The New Challenge for Nanomedicine. Semin Immunol (2017) 34:103–13. doi: 10.1016/j.smim.2017.09.004

128. Binnemars-Postma, K, Storm, G, and Prakash, J. Nanomedicine Strategies to Target Tumor-Associated Macrophages. Int J Mol Sci (2017) 18(5):979. doi: 10.3390/ijms18050979

129. Zhao, Y, Zhang, C, Gao, L, Yu, X, Lai, J, Lu, D, et al. Chemotherapy-Induced Macrophage Infiltration Into Tumors Enhances Nanographene-Based Photodynamic Therapy. Cancer Res (2017) 77(21):6021–32. doi: 10.1158/0008-5472.CAN-17-1655

130. Oner, G, Altintas, S, Canturk, Z, Tjalma, W, Verhoeven, Y, Van Berckelaer, C, et al. Triple-Negative Breast Cancer-Role of Immunology: A Systemic Review. Breast J (2020) 26(5):995–9. doi: 10.1111/tbj.13696

131. Medina, MA, Oza, G, Sharma, A, Arriaga, LG, Hernandez Hernandez, JM, Rotello, VM, et al. Triple-Negative Breast Cancer: A Review of Conventional and Advanced Therapeutic Strategies. Int J Environ Res Public Health (2020) 17(6):2078. doi: 10.3390/ijerph17062078




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.


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 Qiu, Zhao, Luo, Qiu and 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.




ORIGINAL RESEARCH

published: 04 March 2022

doi: 10.3389/fonc.2022.845935

[image: image2]


Prognostic Significance of Neutrophil-to-Lymphocyte Ratio and C-Reactive Protein/Albumin Ratio in Luminal Breast Cancers With HER2-Negativity


Fei Chen, Danzhi Chen, Lidan Jin, Chenpu Xu, Wenhe Zhao * and Wenxian Hu *


Department of Surgical Oncology, Sir Run Run Shaw Hospital, Zhejiang University School of Medicine, Hangzhou, China




Edited by: 

Mariana Segovia, National Autonomous University of Mexico, Mexico

Reviewed by: 

Dechao Feng, Sichuan University, China

Yongbo Yu, Affiliated Hospital of Qingdao University, China

*Correspondence: 
Wenhe Zhao
whzhao@zju.edu.cn
Wenxian Hu
3309020@zju.edu.cn

Specialty section: 
 This article was submitted to Breast Cancer, a section of the journal Frontiers in Oncology


Received: 30 December 2021

Accepted: 10 February 2022

Published: 04 March 2022

Citation:
Chen F, Chen D, Jin L, Xu C, Zhao W and Hu W (2022) Prognostic Significance of Neutrophil-to-Lymphocyte Ratio and C-Reactive Protein/Albumin Ratio in Luminal Breast Cancers With HER2-Negativity. Front. Oncol. 12:845935. doi: 10.3389/fonc.2022.845935




Purpose

This study was determined to evaluate the prognostic value of neutrophil-to-lymphocyte ratio (NLR) and C-reactive protein/albumin ratio (CAR) prior to surgery in luminal breast cancers (BC) with HER2-negativity.



Methods

The clinical data of 708 HER2-negative luminal BC patients from January 2013 to December 2016 were retrospectively collected and analyzed. The optimal cut-off value of NLR and CAR were determined via receiver operating characteristic (ROC) curve. The disease-free survival (DFS) and cancer specific survival (CSS) rates were estimated using the Kaplan−Meier method. Cox univariate and multivariate proportional hazards regression models were performed to identify significant predictors of DFS and CSS simultaneously.



Results

The mean age of the patients diagnosed was 52.43 years (range, 15–95 years), and the median follow-up was 62.71 months (range, 12-92 months). Univariate and multivariate analysis confirmed that NLR ≥2.2 was significantly associated with worse DFS (HR=2.886, 95%CI=1.756-4.745, p<0.001), and same results were obtained in terms of CSS (HR=3.999, 95%CI=2.002-7.987, p<0.001). Similarly, CAR ≥0.07 was independently and significantly associated with poor DFS (HR=3.858, 95%CI=2.346-6.345, p<0.001) and CSS (HR=6.563, 95%CI=3.558-12.106, p<0.001).



Conclusion

Preoperative evaluation of NLR and CAR were significant and independent prognostic indicators for luminal breast cancers with HER2-negativity.
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Introduction

Breast cancer (BC) is the most commonly diagnosed malignancy in women worldwide (1), with an estimated 20.9 million new cases and 626,679 deaths in 2018 (2). In China, the incidence and the mortality of BC account for 12.2% and 9.6% of the world respectively, and the growing trend has posed a serious threat to the health of women (3). Therefore, it is necessary to find a cheap, accurate and easily-available way to assess the prognosis of BC patients.

The systemic inflammatory state of the host and the inflammatory response in the tumor microenvironment are closely related to the proliferation, invasion and metastasis of tumor cells (4, 5). In recent years, inflammatory parameters such as neutrophil-to-lymphocyte ratio (NLR), platelet−to-lymphocyte ratio (PLR), lymphocyte-to-monocyte ratio (LMR), C-reactive protein/albumin ratio (CAR) and Glasgow Prognostic Score (GPS) have been reported as useful indicators for predicting the prognosis of various solid cancers, including BC (6–10). At present, the study concerning the correlation between NLR and the outcome of BC has become a research hotspot, most studies have shown that the elevation of NLR in peripheral blood is associated with worse prognosis in BC. In the most recent meta-analyses (11, 12), high NLR predicted poorer OS and DFS in BC patients, especially in triple-negative breast cancer (TNBC) patients. Controversial results were obtained when the predictive value of NLR was studied among HER-2+ BC patients administered with trastuzumab. Tiainen et al. (13) found that among the HER-2+ patients without trastuzumab therapy as adjuvant treatment, the survival rates of patients with high NLR were significantly lower compared with those with low NLR. On the contrary, Ding et al. (14) found that NLR did not have prognostic value among HER-2+ patients without trastuzumab treatment, yet could predict the prognosis of those who received trastuzumab treatment for 1 year. Additionally, the 3-year DFS of the low NLR group was also found to be significantly higher than that of the high NLR group (95.3% vs 90.5%, P=0.011). The majority of studies focused on the correlation between NLR and HER2-positive BC, whereas only a minority of studies investigated the possible predictive role of NLR in luminal BC with HER2-negativity (15, 16).

Recently, CAR has been reported to be an independent risk factor in several cancers, including esophageal cancer (17), gastric cancer (18), pancreatic cancer (19) and ovarian cancer (20) included, yet its prognostic role in BC remains to be elucidated. One study reported that an increased CAR before surgery was associated with a poor outcome in BC (9), yet another suggested that there was no correlation between CAR and BC outcome (21).

Taken together, this study is conducted to evaluate the prognostic value of NLR and CAR on DFS and CSS for luminal BC patients with HER2-negativity.



Materials and Methods


Patient Enrollment

A total of 708 breast cancer patients undergoing surgery between January 2013 and December 2016 at the Sir Run Run Shaw Hospital Affiliated to Zhejiang University School of Medicine were enrolled for inclusion in this retrospective study. All patients with a histopathologically confirmed BC and molecular pathologically confirmed luminal BC with HER-2 negative were included in the study. The exclusion criteria were as follow: 1) Patients with carcinoma in situ, terminal breast cancer on stage IV, inflammatory BC, and male sex; 2) Patients with other malignancies, inflammatory, autoimmune or hematological diseases, or in an immunosuppressed condition; 3) Patients without standard treatments based on the NCCN guidelines; 4) Patients without complete clinical data and death from non-tumor causes. This study was approved by the ethics committee of the Sir Run Run Shaw Hospital Affiliated to Zhejiang University School of Medicine according to the Declaration of Helsinki. There is no need for the informed consent of individual patients in written forms since this was a retrospective observational study.



Pathological Characteristics

All histological data were reviewed by three pathologists. Hormonal status of Estrogen receptor (ER) and progesterone receptor (PR) was measured using Immunohistochemistry (IHC). Tumors with nuclear expression levels ≥ 1% were considered positive. HER-2 status was determined by IHC or fluorescent in situ hybridization (FISH). It was considered positive in the following situation: the IHC score was at least 3; or more than 2.2 times greater HER2 signals than CEP-17 signal in tumor cells was thought to be HER-2 amplification by FISH. The molecular types included in this study were ER positive and/or PR positive and HER2-negative, which could be further divided on the basis of Ki67 expression levels as follow: Luminal A, Ki67 < 14%, n=316; Luminal B, Ki67 ≥ 14%, n=392 (22).



Laboratory Data

NLR and CAR levels within one week before treatment were retrieved from medical records. NLR was defined as neutrophil counts divided by lymphocyte counts. And neutrophil and lymphocyte counts were measured automatically using Mindray CAL8000 hematological analyzers (Mindray Corporation, Shenzhen, China). CAR was defined as the ratio of serum C-reactive protein (CRP) level divided by the serum albumin (Alb) level. Both CAR and Alb were measured automatically using Beckman Coulter AU5800 automatic biochemical analyzer (Beckman Coulter Corporation, California, USA).



Follow-Up

Patients were followed-up regularly after the diagnosis of breast cancer. Follow-up was scheduled for every month in the first three months following the diagnosis, every six months for the first two years, and then every year. In this study, we set October 2020 as the deadline for follow-up. DFS was defined from the time of the diagnosis to the first event, including recurrence, metastasis and death. CSS was defined from the time of diagnosis to the death by cancer or the end of follow-up.



Statistical Analysis

SPSS Statistics version 25.0 (IBM Corporation, Armonk, NY, USA) was used to perform statistical analysis. The ROC curve was established to determine the optimal cut-off value of NLR and CAR. The relationship between clinicopathological characteristics and NLR or CAR levels were calculated by Fisher’s exact test or chi-squared test. The DFS and CSS rates were estimated by the method of Kaplan−Meier analysis and differences in survival among different groups were compared using the Log-rank test. Uni- and multivariate prognostic analyses were performed to identify significant predictors of CSS and DFS using the Cox proportional hazards regression model. P-values < 0.05 were regarded as statistically significant.




Results


Patients Baseline Characteristics

We identified 918 patients who completed the treatment of luminal BC with HER2-negativity, and 708 patients were eligible for analysis. The reasons for the excluded patients are summarized in Figure 1, and the baseline characteristics of included patients were displayed in Table 1. The mean age at diagnosis was 52.43 years (range, 15–95 years). The median follow-up was 62.71 months (range, 12-92 months). During follow-up, 77 patients suffered from progression of the disease, and 45 patients died. The DFS and CSS rates were 89.1% and 93.6%, respectively.




Figure 1 | Study flow chart.




Table 1 | Clinicopathologic Characteristics of 708 luminal breast cancers with HER2-negativity.





The Cut-Off Values of NLR and CAR

Determined by the ROC curves, the optimal cut-off values of NLR and CAR were 2.2 and 0.07, and the corresponding areas under the curves (AUCs) were 0.688(95%CI: 0.628-0.748) and 0.696(95%CI: 0.633-0.759), respectively (Table 2 and Figure 2). Patients were divided into low and high ratio groups based on cutoff values. 59.7%of the patients (423) had a low NLR (<2.2), and 40.3% (285) had a high NLR (≥2.2). 86.2% of patients (610) were categorized as low CAR (<0.07) and 13.8% (98) as high CAR (≥0.07).


Table 2 | Receiver Operating Characteristics (ROC) Analyses of NLR and CAR in luminal breast cancers with HER2-negativity.






Figure 2 | The receiver operating characteristic (ROC) curves of neutrophil-to-lymphocyte ratio (NLR) and c-reactive protein/albumin ratio (CAR).





Associations Between Clinicopathological Characteristics and NLR or CAR Levels

Our analysis revealed that there were significant associations between NLR levels and Age(p=0.001), Menopausal status(p=0.01), Chemotherapy type(p=0.009). Similarly, CAR was strongly associated with Age(p=0.001), BMI(p=0.001), Menopausal status(p=0.001), Lymph node metastasis status(p=0.001), TNM grade(p=0.001), Histology type(p=0.006) and Operation type(p<0.001) (Table 3).


Table 3 | Clinicopathological characteristics of breast cancers according to neutrophil-to-lymphocyte ratio (NLR) or c-reactive protein/albumin ratio (CAR) levels.





Prognostic Significance of the NLR and CAR

AS shown in Figure 3, the Kaplan–Meier curve was performed to analyze the DFS and CSS according to the cut-off values of NLR and CAR. The rate of DFS in BC patients was 89.1%, with a mean DFS of 60.76 (range 1–92) months. The DFS rate was lower in the group of NLR≥2.2 than that in the group of NLR<2.2 (81.8% vs. 94.1%, P<0.0001) (Figure 3A). Similar results were obtained among the group of CAR≥0.07 and the group of CAR<0.07(66.3% vs. 92.8%, P<0.0001) (Figure 3B). The rate of CSS in BC patients was 93.6%, with a mean CSS of 62.71 (range, 12-92) months. Similarly, longer CSS rate was recognized in the group of NLR<2.2 (97.2% vs. 88.4%, P<0.0001) (Figure 3C), and the group of CAR<0.07 (96.6% vs. 75.5%, P<0.0001) (Figure 3D).




Figure 3 | The Kaplan–Meier curves of DFS according to (A) NLR, (B) CAR, and the Kaplan–Meier curves of CSS according to (C) NLR, (D) CAR.





Univariable and Multivariable Analyses for DFS

By univariable analysis, Tumor size (P<0.001), Lymph node metastasis status (P<0.001), TNM stage III (P<0.001), Operation type (p=0.002), Chemotherapy type(P<0.001), NLR (P<0.001) and CAR (P<0.001) were significant predictors for DFS. In multivariate analysis that included these significant factors, NLR≥2.2 (HR=2.886, 95%CI=1.756-4.745, p<0.001) and CAR≥0.07 (HR=3.858, 95%CI=2.346-6.345, p<0.001) were significantly and independently associated with worse DFS. The risk of progression was increased in patients who received other types of operation (HR 0.458; P=0.005) than those who received modified radical mastectomy (Table 4).


Table 4 | Univariable and multivariable analyses of DFS in Luminal BC with HER2-negativity.





Univariable and Multivariable Analyses for CSS

Tumor size(p=0.008), Lymph node metastasis status (p<0.001), TNM stage III (p<0.001), Luminal subtype(p=0.032), Operation type (p=0.015), Chemotherapy type(P<0.001), NLR (P<0.001) and CAR (P<0.001) were significant predictive factors for CSS by univariate analysis (Table II). Multivariate analysis was then conducted to evaluate all potential prognostic factors. The results indicated that the NLR≥2.2 (HR=3.999, 95%CI=2.002-7.987, p<0.001), CAR ≥0.07 (HR=6.563, 95%CI=3.558-12.106, p<0.001), Luminal B subtype (HR=2.912, 95%CI=1.464-5.794, p=0.002), other operation types (HR=2.964, 95%CI=1.055-8.331, p=0.039) were essentially and independently associated with worse CSS (Table 5).


Table 5 | Univariable and multivariable analyses of CSS in Luminal BC with HER2-negativity.






Discussion

Luminal BC with HER2-negativity is the most common subtype of BC and has the best prognosis compared to other subtypes (23). However, studies on long-term survival have shown that a proportion of HER2-negative luminal BC patients can still relapse and metastases, resulting in poor prognosis. Thus, reliable prognostic factors are needed for further classification in order to personalize treatment and follow-up. Current methods used to predict the prognosis of patients with BC include determination of the tumor node metastasis (TNM) stage, Ki67 expression, receptor status and genetic testing (24–26). However, these prognosis-related tests can be invasive and cost time and money. By contrast, blood-based tests for inflammatory parameters are simple, maneuverable, cheap and easily promoted.

At present, it has become a consensus that inflammatory response carries a key role in the pathophysiology of tumor. Recently, substantial evidence have shown that inflammatory biomarkers are considered to correlate with the prognosis of various malignancies, including BC (6–9). NLR, one of the most frequently applied indicators, has been confirmed to be an independent prognostic indicator in BC, but its significance as a prognostic factor for each BC subtype remains unclear (15). In addition, CAR, a novel index related with inflammation and nutrition, has been demonstrated as a predictor for the prognosis of several cancers (17–20), yet previous studies did not correlate CAR with the prognosis of luminal BC with HER2-negativity. Given the fact that few studies investigated the value of NLR and CAR as prognostic markers for luminal BC with HER2-negativity, we attempted to investigate the predictive value of NLR and CAR on DFS and CSS for luminal BC patients with HER2-negativity by univariate and multivariate analyses.

Our research revealed that NLR and CAR were independent prognostic factors for luminal breast cancers with HER2-negativity. Univariate and multivariate analysis confirmed that lower NLR (<2.2) was significantly associated with favorable DFS (P<0.001), as well as CSS (P<0.001). Similarly, lower CAR (<0.07) was independently and significantly associated with longer DFS (P<0.001) and CSS (P<0.001). Our results were consisted with the previous studies. Bun et al. (15) retrospectively studied 677 operated BC patients and identified that the prognostic significance of NLR is limited to ER-positive/HER2-negative breast cancers, low NLR was an independent predictor for better prognosis in this subgroup (p=0.022). Noh et al. (27) reported that high NLR (≥2.5) predicted lower disease-specific survival in 442 BC patients and luminal A subtype was the only intrinsic subtype in which patients with higher NLR showed significantly poor prognosis (87.7% vs. 96.7%, p=0.009). Koh et al. (16) evaluated the predictive value of NLR in a retrospective study among 157 ER/PR positive and HER-2 negative BC patients who have received neoadjuvant chemotherapy. In this study, univariate and multivariate Cox analysis showed that NLR was an independent prognostic factor for RFS (P=0.001) and OS (P<0.001). CAR was developed as a prognostic score for patients with sepsis and was later widely used for several cancers, including esophageal cancer (17), gastric cancer (18), pancreatic cancer (19) and ovarian cancer (20). However, there was few studies focusing on the prognostic role of CAR in BC. Zhou et al. (9) reported that an increased preoperative CAR (≥0.029) was an independent risk factor for decreased OS (HR, 9.189; P=0.003) and DFS (HR, 2.225; P=0.024) in patients with non-metastatic BC. By contrast, Wang et al. (21) identified that there was no association between elevated CAR (≥0.34) and the survival of BC patients with skeletal metastases in multivariate analysis. There are several explanations for these contradicting results such as differences in the optimal cut-off value for CAR, the selection of study subjects, the timing of the pre-treatment blood samples and the follow-up time.

A high neutrophil level has been implicated to play a pivotal role in promoting the development of tumor. Neutrophils can release a series of proteins or chemokines, such as Neutrophil Elastase (NE), myeloperoxidase (MPO), cytokines, fibroblast growth factor-2 (FGF-2), matrix metalloproteinase-9 and VEGF to promote tumor proliferation, invasion and angiogenesis (28–30). In addition, neutrophils can produce argininase-1 and hydrogen peroxide to inhibit the lytic activity of activated T cells, natural killer cells, and lymphocytes, thereby causing disorder in the immune system (31, 32). A recent basic study suggested that neutrophils can cluster around circulating tumor cells (CTCs), induce tumor cell aggregation, and help tumor cells survive by hiding them from immune surveillances (33). Lymphocytes are the main components involved in tumor immune response and serve as an anti-tumor role either by directly killing tumor cells through their lymphocyte-mediated cytotoxicity, or by activating the immune system to release multiple cytokines (34). Besides, low lymphocyte counts are thought to be associated with inadequate immune response, which may increase the risk of tumor recurrence or metastasis (35). Therefore, elevated NLR (increased neutrophils and/or decreased lymphocytes) might be related to immunodeficiency in luminal BC patients with HER2-negativity, which may partly explain why NLR can be used as a prognostic indicator in BC.

CRP is well-known as an acute phase inflammatory marker, which is synthesized by hepatocytes and induced by pro-inflammatory cytokines. Increased levels of CRP in serum have been reported to be associated with invasion, metastasis and poor prognosis of BC (36, 37). CRP can promote tumor cell invasion and metastasis through the activation of integrin α2 signaling in the inflammatory microenvironment (38). Moreover, angiogenesis can also be accelerated by CRP via increasing the levels of vascular growth factors and interleukins (39). Albumin is a circulating protein in plasma that reflects the nutritional status of patients. Tumor depletion and inflammation often lead to decreased serum albumin levels in cancer patients, while malnutrition can suppress immune defense mechanisms and contribute to tumor progression (40). Additionally, several studies also have shown that low preoperative albumin level is an independent predictor for poor prognosis in a variety of malignancies, including BC (41, 42). Since CAR can reflect the inflammation and nutritional status of cancer patients in a more comprehensive way, the serum marker that was originally used to assess the prognosis of patients with sepsis, was later introduced to prognosing various malignancies (17–20).

According to our study, luminal HER2-negative BC patients with an increased NLR or CAR were more likely to have a poorer prognosis. For these patients, more frequent follow-up should be performed and more powerful adjuvant therapy could be administered to prevent recurrence and prolong survival postoperatively.

However, our study still had several limitations. This is a single-center retrospective study with inevitable bias, and the specific mechanisms of NLR and CAR in BC remain unclear. Besides, we set the cut-off values of NLR and CAR at 2.2 and 0.07 respectively by ROC curve based on our data. Whether they are the best optimal cut-off values remains unclear. In this regard, whether these cut-off values can be widely applied in clinical practice still needs further investigations. In addition, only luminal HER2-negative BC patients were studied in this paper, and other types of breast cancer may not be applicable to this conclusion. Therefore, more prospective, large-scale and multi-center clinical studies are needed in the future to further clarify the relationship between NLR and CAR and the prognosis of BC and the mechanism, so as to identify and screen high-risk groups and provide targeted interventions timely.



Conclusion

In conclusion, our results suggested that elevated NLR and CAR prior to treatment were both significantly and independently correlated with poorer DFS and CSS in luminal breast cancers with HER2-negativity. Given their economical, convenient and highly operative features, NLR and CAR are promising to be used as an effective method of identifying patients with poor prognosis in daily clinical practice and help to provide a more accurate treatment timely. In addition, whether anti-inflammatory therapy can improve the sensitivity to chemotherapy drugs and the prognosis among BC patients still need to be further explored in the future.
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Recurrent metastasis is a major fatal cause of breast cancer. Regretfully, the driving force and the molecular beneath have not been fully illustrated yet. In this study, a cohort of breast cancer patients with locoregional metastasis was recruited. For them, we collected the matched samples of the primary tumor and metastatic tumor, and then we determined the mutation profiles with whole-exome sequencing (WES). On basis of the profiles, we identified a list of deleterious variants in eight susceptible genes. Of them, filamin A (FLNA) was considered a potential driver gene of metastasis, and its low expression could enhance 5 years’ relapse survival rate by 15%. To prove the finding, we constructed a stable FLNA knockout tumor cell line, which manifested that the cell abilities of proliferation, migration, and invasion were significantly weakened in response to the gene knockout. Subsequently, xenograft mouse experiments further proved that FLNA knockout could inhibit local or distal metastasis. Putting all the results together, we consolidated that FLNA could be a potential driver gene to metastasis of breast cancer, in particular triple-negative breast cancer. Additional experiments also suggested that FLNA might intervene in metastasis via the regulation of MMP-1 expression. In summary, this study demonstrates that FLNA may play as a positive regulator in cancer proliferation and recurrence. It provides new insight into breast cancer metastasis and suggests a potential new therapeutic target for breast cancer therapy.




Keywords: breast cancer, metastasis, FLNA, MMP-1, EMT



Introduction

Breast cancer has become the most common cancer and the main cause of cancer death in women. In 2020, there are an estimated 2.3 million new cases of breast cancers worldwide (11.7%), surpassing lung cancer (11.4%) in number for the first time (1). The global incidence rate and mortality rate of breast cancer are still increasing annually, and the increase in the lower sociodemographic index (SDI) countries is larger than that of higher SDI countries (2). The yearly-increasing cancer cases not only put heavy psychological pressure on patients but also raise great economic burdens to society and the country. In the new era of cancer therapy, breast cancers can be classified into four types according to the expression of estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER2), and Ki-67 (3): Luminal A [ER+ and/or PR+, HER2−, Ki-67 < 14%], Luminal B [ER+ and/or PR+, HER2+; ER+ and/or PR+, HER2−, Ki-67 > 14%], HER2 positive (HER2+) [ER−, PR−, HER2+], and triple-negative breast cancer (TNBC) [ER−, PR−, HER2−]. The patients of specific cancer will receive individual therapy regimens to achieve the best therapeutic effect.

However, the tumor has the characteristics of heterogeneity, easy mutation of the genome, and strong adaptability to the external environment changes, which make it insensitive or resistant to various drug treatments and vulnerable to local recurrence or distal migration. Previous studies showed that over 25% of early breast cancer patients had metastases at the time of initial diagnosis (4), and about 30% of them would develop metastatic breast cancer in the future (5). The clinical outcome of breast cancer depends on the biology, extent, and location of metastasis. The luminal breast cancer has a higher propensity to develop bone metastases, while TNBC tends to metastasize to the lungs and brain (6, 7). Although the 5-year survival rate of breast cancer is increasing year by year, drug resistance, recurrence, and metastasis are still urgent problems in the treatment of cancer.

The occurrence and development of breast cancer are the results of the interaction of genes and environment, and the effect of the environment can also be manifested through genetic or epigenetic changes (8). Mark et al. found that BRCA plays an important role in breast cancer metastasis. PALB2, a key partner of BRCA1/BRCA2, was involved in DNA damage repair and tumor suppression activity; thus, its mutation can lead to increased susceptibility to breast cancer (9). In addition, the Max team found that loss of p53 in cancer cells promoted Wnt secretion and triggered neutrophil inflammation through stimulating tumor-associated macrophages to produce IL-1β (10). There is a causal relationship between neutrophils and metastasis, in which the high neutrophil-to-lymphocyte ratio could promote the metastasis of breast cancer and reduce the survival rate of patients (11). What is more, PTEN is a tumor suppressor gene (12) related to a variety of human cancers and a major negative regulator of the PI3K/Akt signaling pathway (13). Abdullah et al. found that inhibition of PTEN can promote the activation of the PI3K/Akt pathway and further control the proliferation and development of breast cancer stem cells (CSCs) (14). Although many valuable efforts have been made, the genetic driving force underlying the recurrence and distal metastasis of breast cancers largely remains unexplored.

In this study, we collected nine pairs of primary and recurrent tumors of breast cancer patients, determined the mutation profiles with whole-exome sequencing (WES), identified potential driver genes, and further validated them with both cells and animal experiments. We intended to provide new insights into breast cancer metastasis and suggest potential new therapeutic targets for precise breast cancer therapy.



Results


Identification of Potential Driver Genes to Breast Metastasis

The WES of nine cohort patients (18 tissue samples) yielded a total of 47,407 high-quality and non-redundant somatic variants, including 27,845 single-nucleotide variants (SNVs), 16,679 insertions and deletions (indels), and 1,461 stopgain and stoploss mutations. To identify potential metastatic driver genes to breast cancers, we performed serial bioinformatics analyses (Figure 1A). The analyses were made based on an open assumption of the following: 1) the cohort patients may have different genetic backgrounds of metastasis (Table 1), 2) the metastatic driver gene mutations could be harmful (deleterious) to the cells, and 3) the deleteriousness of gene mutations would be a benefit to metastasis. Accordingly, we first narrowed down the whole mutation profiles to the harmful ones by integrating deleterious prediction results of multiple bioinformatics tools. A list of 2,755 deleterious mutations was obtained in the primary cancer samples consistently, including one synonymous SNV, 2,166 non-synonymous SNVs, 304 non-frameshift indels, 224 frameshift indels, 45 stopgain mutations, and 15 stoploss mutations. These deleterious mutations were distributed on all chromosomes except the Y chromosome, and the majority of them occurred in protein-coding regions (Figure 1B). Similarly, we obtained 2,533 deleterious mutations in the metastatic cancer samples consistently, including 2,068 non-synonymous SNVs, 233 non-frameshift indels, 196 frameshift indels, 24 stopgain, and 12 stoploss mutations. These mutations had similar chromosome distribution as those of primary cancer samples and were also located mainly at protein-coding regions (Figure 1C). These results manifest that primary tumors and metastatic tumors in this study have no genetic difference in general. Furthermore, we extracted the susceptible genes that have deleterious mutations in at least two samples of either primary tumor or metastatic tumor. The criteria eventually identified eight susceptible genes shared by primary/metastatic tumors; they were COMP, FLNA, FOXO3, HSPA2, ITPR3, PIK3R2, NF1, and TP53 (Figures 1D, E). Literature surveillance manifested that these genes played multiple roles in cancers, such as cell growth, cell apoptosis, cell migration, and cell invasion (15–22).




Figure 1 | (A) Overview of study design. (B) The deleterious mutations in primary cancer. (C) The deleterious mutations in metastatic cancer. (D) Genes with deleterious mutations in at least two samples of primary cancer. (E) Genes with deleterious mutations in at least two samples of metastatic cancer. (F) The structure of human filamin A.




Table 1 | Detailed information of 9 breast cancer patients.



To further connect these genes with metastasis, we performed a progression-free survival (PFS) analysis on the deleterious mutants within the nine-member cohort (Figure 2A). Of the eight susceptible genes, only one gene (FLNA) exhibited significant change (two-tail unpaired Wilcoxon rank-sum test, p < 0.1) of PFS when the deleterious mutation occurred in primary cancer, which extended the PFS. In particular, the patients with deleterious mutations in FLNA in primary tumors had an average PFS value (n = 5, average PFS = 56 months) of about 2.5 times larger than that of those without the mutations (n = 4, average PFS = 23.3 months). Many of the deleterious mutations are located at the first few repeats of the immunoglobulin (Ig) domain (Table 2), causing the dysfunction of FLNA protein. In addition, we performed the survival analysis on basis of 392 TNBC patients from 55 independent experiments to examine the gene expression level of susceptible genes on metastasis, assuming that deleterious mutations would reduce the corresponding gene expressions. The result manifested that low expression of FLNA would significantly enhance 5 years’ relapse-free survival rate by 15% compared to that high expression group (Figure 2B). Putting all the data together, we speculate that FLNA could be one of the positive factors to breast cancer metastasis. Deleterious mutation of FLNA gene, particularly at its first few Ig repeats, would reduce its expression and thus resist metastasis.




Figure 2 | Exploring the relationship between eight susceptible genes and prognosis of breast cancer patients. (A) A progression-free survival (PFS) analysis on the deleterious mutants within the nine-member cohort. (B) The survival analysis was on basis of 392 triple-negative breast cancer (TNBC) patients from 55 independent experiments.




Table 2 | The deleterious mutations in FLNA of all samples.





Cellular Consequence of Defected FLNA via Knockout Experiments

We examined the protein level of FLNA in breast mammary epithelial cells (MCF-10A) and different breast cancer cell lines mentioned in the Material and Methods with Western blotting. Comparatively, FLNA is highly expressed in MDA-MB-231 (Figure 3A). Hence, we constructed knockout cells of MDA-MB-231. Subsequent Western blotting validated the successful knockout of FLNA in different target cells (Figure 3B). Accordingly, we chose two knockout cell lines of MDA-MB-231, target 1 and target 2, namely, FLNA/KO-1 and FLNA/KO-2, respectively, for cell proliferation and migration assays. The results showed that knockout of FLNA caused a decrease of proliferation for 76.35% in FLNA/KO-1 and 75.61% in FLNA/KO-2 cells at 72 h (Figure 3C), and the wound healing capability of cells dropped 43.95% and 43.84% at 48 h, respectively (Figures 3D, E). Besides, the migration and invasion ability of FLNA/KO-1 cells decreased 91.17% and 87.06%, and the FLNA/KO-2 cells decreased 76.43% and 75.48%, respectively (Figures 3F, G). Comparatively, the negative control (NC) showed no significant difference from the wild-type MDA-MB-231 in all aspects of cell proliferation, wound healing, migration, and invasion. These results confirm that knockout of FLNA is not fatal to cancer cells; however, it can repress cell proliferation, migration, and invasion. Immunofluorescence (IF) assay showed that FLNA was mainly distributed in the cytoplasm and nucleus (Figure 3H). Compared with wild-type and NC group cells, FLNA/KO cells had smaller sizes and poor cytoskeleton development (Figure 3H).




Figure 3 | (A) The expression of FLNA in different breast cancer cell lines, followed by the quantitative and statistical analysis results of proteins in Western blotting. (B) FLNA knockout efficiency of MDA-MB-231 cells and the quantitative and statistical analysis results. (C) Cell Counting Kit-8 (CCK-8) assay presents the proliferation of different groups. (D) Wound‐healing assays (scale bar, 200 μm) were used to detect the migration abilities of the cells. (E) The wound‐healing percentage of different groups. (F) Transwell and invasion assays present the migration (scale bar, 50 μm) and invasion abilities of the cells. (G) The number of invaded MDA-MB-231 cells, FLNA/NC, and FLNA/KO cells. (H) Breast cancer cells (scale bar, 50 μm) with/without FLNA knockout were stained with fluorescein-phalloidin (pink) to visualize F-actin. DAPI was used for nuclear staining (blue). FLNA was stained in green. Data are presented as mean ± SD. The data shown are representative results of three independent experiments. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no significance.





Knockout of FLNA Decreases Xenograft Tumor Growth and Metastasis

To further study the functional role of FLNA, we used wild-type MDA-MB-231, FLNA/NC, FLNA/KO-1, and FLNA/KO-2 stably transfected cell lines to establish xenograft models. Each model had five repeated cases. We monitored the expression of FLNA in mouse in situ tumors and found that FLNA/KO groups decreased by 46.25% and 46.91% (Figure 4A). Compared to wild type and NC, the FLNA/KO mice had significantly slower tumor growth rate and smaller tumor volume (declined 61.72% and 68.30%, respectively) by 28 days (Figure 4B). The tumor volume of two cases with ipsilateral chest wall metastasis was recorded in Figure 4E. H&E stain of the xenograft tumor showed that there may exist two morphologies of cancer cells in the orthotropic tumor (Figure 4C): the cancer cells near the margin of in situ tumor were large, with obvious atypia large nucleus, common mitosis, and basophilic cytoplasm (indicated by yellow arrows). In contrast, the cancer cells in the center of in situ tumor were small or medium-sized, more consistent in shape, mostly round or oval, and loosely arranged and had fewer mitosis (indicated by black arrows). This phenomenon may be owing to the tumor growth exceeding the growth rate of the blood vessels providing nutrition, resulting in tissue necrosis or even liquefaction of some central tissues due to insufficient energy supply. We also observed that the morphology of lung metastatic cancer cells had large cells, rich chromatin, and common mitotic images. The liver metastasis cells from breast cancer were small and round, and the cell size and shape were consistent.




Figure 4 | (A) Representative immunohistochemistry (IHC) images (scale bar, 100 μm) of tissue sections of in situ tumor from the four groups. FLNA was stained brown in cytoplasm and nucleus. Representative IHC images (scale bar, 100 μm) of tissue sections of in situ tumor from the four groups. FLNA was stained brown in cytoplasm and nucleus. Beside it is the average optical density (AOD) value of FLNA in situ tumor tissues. (B) The volume (mm3) of in situ tumor in each group was recorded every 3 days. (C) Representative H&E (scale bar, 100 μm) staining of tissue sections of different organs from the four groups (n = 5). The cells near the margin of in situ tumor are indicated by yellow arrows, and the center cancer cells were indicated by black arrows. (D) Representative IHC images (scale bar, 50 μm) of tissue sections of different organs from the four groups (n = 5). GATA3 was stained light brown in the nucleus, which was mainly expressed in the nucleus and often used for detecting the breast origin tumor. (E) The volume (mm3) of ipsilateral chest wall metastatic tumors of two mice in MDA-MB-231 and FLNA/KO groups. (F) Pictures of ipsilateral chest wall metastasis and peritoneal metastasis in nude mice in MDA-MB-231 and FLNA/NC groups. Black arrows indicate tumor location. In the H&E (scale bar, 100 μm) staining results, the marginal cells of metastatic tumor are indicated by yellow arrows, and the central cells are indicated by black arrows. GATA3 (scale bar, 50 μm) colored the nucleus light brown. (G) The expression level of Ki-67 in different tissues (scale bar, 100 μm). Ki-67 colored the nucleus brown. (H) The Ki-67 AOD value of different tumor tissues. Data are presented as mean ± SD. *p < 0.05, ***p < 0.001, ****p < 0.0001, ns, no significance.



In addition, we demonstrated the immunohistochemistry (IHC) assay to monitor metastasis with the marker GATA3, which is often used for detecting urothelial or breast origin tumor. As GATA3 was positively related to ER and PR status (23), the nucleus of the MDA-MB-231 cell xenograft appeared to be light brown (Figure 4D). In summary, no local or distal metastasis was observed in the FLNA/KO groups. In contrast, one case of liver metastasis, four cases of lung metastases, and one case of ipsilateral chest wall metastasis were found in the wild-type MDA-MB-231 group; and one case of liver metastasis, three cases of lung metastases, and one case of ipsilateral chest wall metastasis were observed in the FLNA/NC group. H&E and IHC of chest wall metastasis and peritoneal metastasis are shown in Figure 4F. Similar to the H&E results of in situ tumors, the marginal cells of metastatic tumors were large, and nuclear atypia was obvious (which is indicated by yellow arrows). However, the central cells were small and loosely arranged. GATA3 colored the nucleus light brown, indicating that the tumor was of breast origin. Furthermore, we also detected the expression of Ki-67 in tumors in situ and metastases. The result manifested that Ki-67 is expressed low in the FLNA/KO groups and high in the other groups, suggesting a strong ability of cell proliferation (Figures 4G, H).



FLNA Regulated the Expression of MMP-1

Previous studies have shown that tumor metastasis is closely related to epithelial-to-mesenchymal transition (EMT) (24) and extracellular matrix (ECM) (25), and they were recognized as critical factors in governing metastatic colonization. In the process of EMT, the cells showed decreased adhesion and increased motility, which led to metastasis of malignant tumor cells (26). ZO-1 is indispensable for tight junction formation and function (27), in which mutation can induce EMT (28). Slug is a widely expressed transcriptional repressor protein that, when combined with the integrin promoter, inhibits integrin expression and leads to decreased cell adhesion (29). β-Catenin can activate slug, which is related to tumorigenesis (30). Vimentin is highly expressed in a variety of tumors, which is closely related to promoting tumor growth, invasion, and poor prognosis (31). Therefore, we first detected the expression of EMT-related proteins and found that FLNA/KO had no significant effect on EMT (Figure 5A). Therefore, we concluded that FLNA may not affect the metastasis of breast cancer through the EMT pathway, and there may exist other ways. After that, we determined the mRNA levels of several conventional ECM components such as MMP-1, MMP-2, and MMP-9 in response to FLNA knockout with RT-qPCR. Interestingly, of these major ECM components, only MMP-1 decreased after FLNA knockout (Figure 5B). This result was further confirmed in protein level (Figure 5C). We detected the expression of MMP-1 in situ and metastatic tumors of breast cancer xenograft in mice, and we found that MMP-1 decreased by 44.23% and 47.23% in FLNA/KO-1 and FLNA/KO-2 groups, respectively (Figures 5D, E). These results indicated that FLNA could affect the metastasis of breast cancer cells by regulating the expression of MMP-1.




Figure 5 | (A) Epithelial-to-mesenchymal transition (EMT)-related pathway protein expression level and the relative density normalized to GAPDH. (B) The mRNA expression level of MMP-1, MMP-2, and MMP-9 in different group cells. (C) The protein expression level of MMP-1, MMP-2, and MMP-9 in different group cells and the quantitative and statistical analysis results of proteins. (D) Expression of MMP-1 in different tissues (scale bar, 100 μm). (E) The MMP-1 AOD value of in situ tumor tissues in four groups. ****p < 0.0001, ns, no significance.





Overexpression of MMP-1 Promotes Cell Growth and Migration

We overexpressed MMP-1 in two FLNA knockout stably transfected cell lines, FLNA/KO-1 and FLNA/KO-2, in an attempt to explore whether MMP-1 can reverse the antitumor effect. We used PCR and Western blotting to monitor the transfection efficiency and expression level of MMP-1. PCR results showed that the overexpression efficiency of KO-1/P1 and KO-2/P1 was 13.3 times and 38.85 times higher than that of KO-1/NC and KO-2/NC, respectively (Figure 6A). Western blotting showed that the expression levels of MMP-1 in KO-1/P1 and KO-2/P1 were respectively 23.55 and 11.67 times higher than those in the NC (Figure 6B). Overexpression of MMP-1 could promote the proliferation of FLNA/KO cell lines, which increased by about 1.24 times at 72 h (Figure 6C). The wound healing capability of the two cell lines increased by 3.17 and 5.89 times at 48 h, respectively (Figures 6D, E). In addition, we also observed changes in migration and invasion. Transwell experiment showed that the number of cell migration of KO-1/P1 and KO-2/P1 was respectively 3.23 and 3.08 times higher than that of NC groups (Figures 6F, G), and the invasion ability was increased by 2.6 and 2.75 times (Figures 6F, H), respectively. These results suggest that overexpression of MMP-1 can reverse the antitumor effect of FLNA knockout to a certain extent.




Figure 6 | (A) The mRNA expression level of MMP-1 after transfection. (B) The protein expression level of MMP-1 after transfection. (C) Cell Counting Kit-8 (CCK-8) assay presents the proliferation of different groups. (D) Wound‐healing assays (scale bar, 100 μm) were used to detect the migration abilities of the cells. (E) The wound‐healing percentage of different groups. (F) Transwell assays present the migration and invasion abilities of the cells (scale bar, 50 μm). (G) The number of migration cells in different groups. (H) The number of invasion cells in different groups. *p < 0.05, ****p < 0.0001, ns, no significance.






Discussions

Early studies reported that the genetic variants in TP53 (32), BRCA1 (33), and EGFR (34) could intervene in tumorigenesis and tumor development. Regretfully, none of these mutations were observed in this study. Instead, this study identified several novel deleterious variants likely associated with the recurrence of breast cancers in a small cohort. Of them, filamin A (FLNA) showed the most potential in regulating breast cancer metastasis and PFS, in particular in TNBCs. FLNA is a 280-kDa protein that can be cleaved into two fragments of 170 kDa (ABD + Rep.1–15) and 110 kDa (Rep.16–24). The latter one is near the C-terminal region, which can be further cleaved into a 90-kDa fragment (Rep.16–23, FLNA-C) (35). Previous studies had demonstrated FLNA could intervene in cancer development via promoting or inhibiting the expression of some genes. For instance, a metadata analysis on basis of 392 TNBC samples from 55 separate experiments suggested that low expression of FLNA could significantly enhance the 5-year relapse survival rate compared to that of high expression. A large-scale clinical study revealed that the overphosphorylation of FLNA Ser2152 was associated with a poor prognosis of hepatoma, which may be a potential prognostic biomarker of primary liver cancer (36). Bojan et al. found that microRNA-200c could reduce FLNA by inhibiting the transcription factors c-Jun and MRTF/SRF and thereby affect the polarization of breast cancer cells, resulting in the cell morphology changes and decreased motor ability (37). Another study showed that ADP ribosylation factors like 4C (Arl4C) could interact with FLNA rep.22 in a GTP-dependent manner to induce filopodium formation and promote cell migration (38). Therefore, we speculate that FLNA plays an important role in tumor metastasis. Although FLNA was reported to be highly expressed in cancers (39–41), its connection with breast cancer metastasis has not been well investigated previously.

In this study, we proposed that FLNA could be a positive factor in breast cancer metastases for the first time. The in vitro cell assays confirmed the fundamental function of FLNA as a scaffold in constructing the actin cytoskeleton. Knockout of FLNA did not sacrifice cells; however, it impaired cell cytoskeleton and largely reshaped the cells to a smaller size. Thereby, the proliferation, migration, and invasion of cancer cells were significantly weakened. The in vivo xenograft mouse model further consolidated that knockout of FLNA largely repressed the local and distal metastases of transfected tumors. All shreds of evidence strongly support that FLNA is a positive driver gene of breast cancer metastasis.

In addition, we conducted preliminary research to investigate the possible mechanism underlying FLNA-regulated metastasis. We monitored the expression changes of four common EMT markers vimentin, β-catenin, Slug, and ZO-1 proteins after FLNA knockout. Previously, vimentin was reported to promote tumor metastasis through positive regulation of Axl (AXL Receptor Tyrosine Kinase) in breast cancer (42). However, we did not find any significant changes in these EMT phenotypic proteins after FLNA knockout. We considered that there might exist an alternative route like ECM, to promote tumor metastasis other than the EMT. Matrix metalloproteinases (MMPs) are a group of calcium-dependent zinc-containing endopeptidases, which mainly function in degrading ECM. MMP-1 is a ubiquitously expressed collagenase in ECM that can degrade type I, II, and III collagen (43). In this study, we found that knockout of FLNA significantly reduced the expression of MMP-1 but did not affect the other two ECM members MMP-2 and MMP-9. However, how FLNA regulates MMP-1 has not been fully elucidated. Bandaru et al. found that FLNA-C can be cleaved off by calpain to stimulate adaptive angiogenesis by transporting multiple transcription factors into the nucleus (44). Here, we found FLNA expressed in both the nucleus and cytoplasm of TNBC cell MDA-MB-231. Therefore, we speculated that FLNA-C might act as a transcription factor and directly or indirectly promote the expression of MMP-1 mRNA. Alternatively, prior works also found that FLNA could physically interact with integrin beta-1 (ITGB1) (45). ITGB1 can bind to various ECM components, which participate in multiple extracellular effects such as adhesion, ECM degradation, and cell invasion (46). Rizwan et al. found that stimulation of ITGB1 resulted in higher MMP activities in metastatic cancer cells (47). Accordingly, we monitored the expression of MMP-1, MMP-2, and MMP-9 in response to FLNA knockouts. The results manifested that only MMP-1 was significantly repressed in FLNA knockout cells. Previously, several works have suggested MMP-1 as a promoter of metastasis. For instance, overexpression of MMP-1 could promote the growth of xenograft tumors and the formation of brain metastasis (48). MMP-1 combined with ADAMTS1 can activate osteoclast differentiation by modulating the bone microenvironment in favor of osteoclastogenesis, to promote breast cancer bone metastasis (49). In summary, we speculate that FLNA likely promotes breast cancer metastasis in two different ways (Figure 7). FLNA-C interferes with the nucleo-cytoplasmic transportation of transcription factors to regulate MMP-1 expression, or FLNA regulates MMP-1 activities via interacting with the ITGB1-mediated signaling. To validate the mechanisms, extensive studies are desired in the future.




Figure 7 | Two hypotheses are that FLNA promotes breast cancer metastasis via MMP-1. On the one hand, FLNA can affect the expression of MMP-1 by affecting the transport of transcription factors. On the other hand, FLNA can affect the activity and content of MMPs via the signaling route of ITGB1-MMPs.





Material and Methods


Patients and Specimens

In this study, a cohort of nine breast cancer patients was recruited from the Cancer Hospital of Harbin Medical University. The study was approved by the Ethics Committee of Cancer Hospital of Harbin Medical University and Xiang’an Hospital of Xiamen University (XAHLL2020013) and abided by the Declaration of Helsinki principles. All patients were confirmed with recurrence of breast cancer, and the recurrent tumors were locoregional metastases (chest wall). The medical information of patients was briefly summarized in Table 1, and the individual information was replaced by anonymous digital codes. For every member in the cohort, paired tissue samples of the primary tumor and recurrent tumor were collected by surgery operation. The tumor tissues were then routinely formalin-fixed and paraffin-embedded (FFPE).



DNA Extraction and Whole-Exome Sequencing

For each tissue sample, 3–5 µg of genomic DNA was applied for quality control, and its integrity was checked by the agarose electrophoresis. The whole exome was captured using the MGIEasy Exome Library Prep Kit (BGI, Shenzhen, China), and the library for sequencing was prepared according to the manufacturer’s instructions. The WES was performed by the Beijing Genome Institute (BGI, Shenzhen, China) using the BGIseq-500 platform in a 100-base pair (bp) paired-end mode.



Exome Data Preprocessing, Variant Calling, and Variant Annotation

Before variant calling, the quality control of the exome data was conducted by FastQC (v.0.11.9, https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and Trimmomatic (v.0.39; parameters: LEADING = 5, TRAILING = 5, SLIDINGWINDOW:5:20, MINLEN = 50) (50) to remove adapter sequences and discard low-quality reads. The clean reads were mapped to the human reference genome (GRCh38.p13) using the Burrows–Wheeler Aligner (BWA, v.0.7.17; parameters: mem -t 4 -M -R) (51). The Genome Analysis Toolkit (GATK, v.4.1.2.0) (52) and Samtools (v.1.9) (53) were used for basic processing, duplicate marking, and base quality score recalibration (BQSR). Calling of somatic mutations was conducted with GATK Mutect2 (default parameters). The variants were further annotated with ANNOVAR (v2019sep29) (54). The datasets produced by this study were available in the Genome Variation Map portal repository at the following URL: https://ngdc.cncb.ac.cn/gvm/(accession number: GVM000287).



Determination of Deleterious Variants

The deleterious variants for recurrent tumors were determined by satisfying several criteria: 1) the variant genotype was supported by a sequencing depth of >10. 2) Only four types of non-synonymous mutations at the exon region were involved in this study, including SNV, frameshift indel, non-frameshift indel, and stopgain and stoploss. 3) The occurrence of mutation in the Eastern Asian population was ≤1% as recorded in the ExAC_EAS database (55). 4) The variant was deleterious to protein. The deleteriousness of these non-synonymous variants was evaluated with multiple tools by different variant types. For SNVs, 15 tools were used to quantify the deleteriousness, including SIFT (56), Polyphen-2 HDIV (57), Polyphen-2 HVAR (57), LRT (58), MutationTaster (59), MutationAssessor (60), FATHMM (61), PROVEAN (62), VEST3 (63), MetaSVM (64), MetaLR (64), M_CAP (65), CADD (66), FATHMM-MKL (67), and fitCons (68). The variants were taken as deleterious variants if they were predicted pathogenic by more than twelve tools. For variants of frameshift Indel and stopgain, the deleteriousness was mainly assessed by checking the haploinsufficiency in the clinGen database (69). In addition, VEST-Indel (70) was also adopted to evaluate the deleteriousness of frameshift Indel and non-frameshift Indel mutations. The mutations with VEST Score ≥0.85 and VEST p-value ≤0.01 were considered as deleterious mutations. All stoploss variants were retained, as they were obviously harmful by adding part of a protein sequence.



Survival Analysis

The survival analysis was conducted based on the database (71), which included 7,830 unique samples from 55 Gene Expression Omnibus (GEO) independent datasets to assess the impact of gene expression on breast cancer metastasis. Accordingly, overall 392 TNBC samples were involved in this analysis. The survival analysis was performed with the Kaplan–Meier Plotter web server (71).



Cell Culture

All cell lines (including the normal breast mammary epithelial cell line MCF-10A, luminal A breast cancer cell lines MCF-7 and T-47D, luminal B breast cancer cell line BT-474, TNBC cell lines MDA-MB-231 and BT-549, and HER2+ cell line SK-BR-3) were purchased from the Type Culture Collection of the Chinese Academy of Sciences (Shanghai, China). MCF-10A were grown in MEGM kit (Lonza/Clonetics, CC-3150) with cholera toxin (Sigma, St. Louis, MO, USA; C8052) of 100 ng/ml. MCF-7 were grown in MEM (GIBCO, Grand Island, NY, USA; 41500034) with NaHCO3 1.5 g/L, sodium pyruvate 0.11 g/L, and 0.01 mg/ml of bovine insulin. T47D and SK-BR-3 were grown in DMEM (GIBCO by Life Technologies, C11995500BT). BT474 was grown in Roswell Park Memorial Institute (RPMI) 1640 (GIBCO by Life Technologies, C11875500BT). MDA-MB-231 and MDA-MB-549 were grown in DMEM. All cell culture media were supplemented with 10% fetal bovine serum (FBS; GIBCO, 42A0378K) and 1% penicillin/streptomycin (GIBCO, 15140122). All cells were grown at 37°C and 5% CO2.



Gene Knockout With CRISPR/Cas9 Technology

CRISPR/cas9 plasmid was synthesized by the Jikai Gene Company (Shanghai, China). The GV392 CRISPR-Cas9 vector had three gene-specific regions of the guide RNA (gRNA) sequences. The three gRNA sequences for FLNA were as follows: target 1: 5′-CACCGGCCCGTTACCAATGCGCGAG-3′, target 2: 5′-CACCGCGAGGTGACGGGGACTCATA-3′, and target 3: 5′-CACCGGAAGCGGGCAGAGTTCACTG-3′. The sequence 5′-CGCTTCCGCGGCCCGTTCAA-3′ of empty plasmid was used for NC (FLNA/NC). Transfection experiments were carried out in six-well plates. When the cell confluence reached 30%~40%, the transfection solution was added (V = MOI × Cell number/Virus concentration). After 24 h, stable FLNA knockout of MDA-MB-231 cells was obtained with 1 μg/ml of puromycin selection. FLNA knockout efficiency was evaluated by Western blot.

The overexpression MMP-1 plasmid was synthesized by the Jikai Gene Company (Shanghai, China), and it was anti-Blasticidin S. The sequencing results after successful plasmid construction are been shown in Supplementary Materials 3. After 24 h of infection, 5 ng/ml of Blasticidin S (Solarbio, Beijing, China; B9300) was added to select the overexpressing MMP-1 cells. The overexpression efficiency was verified by RT-qPCR and Western blot.



Western Blot Analysis and Antibodies

The cells were fully lysed with RIPA (Lablead, Beijing, China; R1090), and the protein concentration was detected by bicinchoninic acid (BCA) kit (YEASEN, Shanghai, China; 20201ES76). The supernatant was then treated with 1/4 volume of 5× SDS-PAGE (YEASEN, 20315ES05), and cooked at 100°C for 10 min. Because the FLNA protein was large in molecular weight (280 kDa), gels were transferred onto polyvinylidene difluoride (PVDF) membranes (Millipore, Billerica, MA, USA; R1DB96261) at 250 mA for 3 h. The other protein transfer conditions were 80 V, 1.5 h. The primary antibody was incubated at 4°C overnight, and the secondary antibody was incubated at room temperature for 1 h. The details of antibodies are presented in Supplementary Table 1. To analyze the pictures, ImageJ was chosen.



Quantitative Real-Time PCR (RT-qPCR)

The cells were fully lysed with TRIzol (ambion, Austin, TX, USA; 210805) to extract total RNA. Genomic DNA was removed, and the mRNAs were reverse transcribed into cDNA using Takara reverse transcription kit (Takara, Mountain View, CA, USA; RR047A). The PCR was conducted in a 20-μl system, including 2 μl of cDNAs, along with 0.4 μl of forward and reverse primers, 10 μl of SYBR (YEASEN, 11201ES03), and 7.2 μl of water. The specific primers for target RNA detection are given in Supplementary Table 2. Relative expression of each target gene was normalized to GAPDH mRNA level and calculated with the 2−ΔΔCt method (72).



Cell Proliferation

Cells were seeded onto 96-well (3 × 103 cells/well) plates. Before measuring the optical density (OD), the cells were incubated with 10 μl/well of Cell Counting Kit-8 (CCK-8) (APEXBIO, Houston, TX, USA; K1018320180830) for 2 h. The OD value was measured at 450-nm spectrum by intervals of 0, 24, 48, and 72 h. The cell growth curve was drawn according to the OD value. Cell growth rate = (control group OD − experimental group OD)/control group OD × 100%.



Cell Movement, Migration, and Invasion


Wound-Healing Assay

The wound-healing assay was initiated with 1 × 106 cells/well in the six-well plate. When the cell conference was greater than 95% or just full, a straight line was drawn in the hole. Then the cells were continuously cultured in the serum-free medium to reduce the effect of cell proliferation on wound healing. The scratch changes were recorded by taking photos at 0, 12, 24, 36, and 48 h. The scratch area at each time point is defined with ImageJ by setting the parameter of Wound-healing percentage = (Initial area − each time point area)/Initial area × 100%.



Migration Assay

The cells were starved with the serum-free medium for 8 h and inoculated into transwell chambers. Each upper chamber was seeded with 2 × 104 cells in 100 μl of serum-free medium (3.5 × 104 cells of overexpressing MMP-1 were seeded into the upper chamber). A total of 800 μl of complete medium containing 10% FBS was added to the lower chamber. After 24 h, the cells were fixed with 4% paraformaldehyde (PFA; Biosharp, anhui, China, 71041800) and stained with crystal violet (Solarbio, G1063), and the upper cells were carefully wiped off with a cotton swab. Three visual fields were randomly selected to take photos and count under the microscope.



Invasion Assay

Cells were starved for 8 h before planking. Matrix glue measuring 90 μl (300 ng/ml) was to the upper chamber before plating 3 × 104 cells in each upper chamber (4.5 × 104 cells of overexpressing MMP-1 were seeded into the upper chamber). All the upper chambers were added with 100 μl of serum-free medium, whereas the lower chamber was added with a medium containing 10% FBS. After 24 h, the cells were fixed and stained, and three visual fields were randomly selected under the microscope for photographing and counting.




Immunofluorescence

The cells were fixed with 4% PFA for 30 min, permeabilized with 0.5% Triton (Beyotime, Shanghai, China; ST795) for 10 min, blocked with 5% bovine serum albumin (BSA; YEASEN, 36101ES25) for 30 min (slow shaking), and incubated with primary FLNA antibody at 4°C overnight and secondary antibody (FITC-AffiniPure Goat Anti-Rabbit IgG) at room temperature for 1 h. The antibodies and their corresponding dilution are given in Supplementary Table 2. One milliliter of 1× phalloidin (YEASEN, 40734ES75) into each culture dish and dyed at room temperature for 60 min, especially avoiding light. Subsequently, 3–4 drops of DAPI (YEASEN, 40728ES10) were added to each dish and incubated at room temperature for 5 min. The localization of FLNA and cell morphology were observed under the microscope and photographed. Phalloidin was used for F-actin staining as pink. FLNA was stained green with fluorescently conjugated secondary antibody. DAPI stained the nucleus blue.



Xenograft Model

All procedures of the mouse model were approved by the Xiamen University (AP: XMULAC20200119) and conformed to the guidelines for the care and maintenance of laboratory animals. Breast cancer cells (5 × 106 cells/mouse) were injected into the fourth pair of mammary glands on the right side of 6-week-old female Balb/c nude mice according to the above groups (73, 74). There were 5 mice in each group. The length and width of the tumor in situ were monitored with a vernier caliper. The calculation formula of tumor volume in athymic nude mice is V = 0.5 * Length * Width2 (mm3) (W, smaller diameter; L, larger diameter) as described previously (75). After 4 weeks, the mice were sacrificed, and the liver, kidney, lung, and brain of mice were collected to evaluate the metastatic state.



H&E Stain and Immunohistochemistry

The tissue sections were dewaxed in xylene and hydrated in alcohol. The nucleus and cytoplasm were stained by hematoxylin (Beyotime, C0105S) and eosin, respectively. The stained tissues were dehydrated and sealed, and they were observed and image-captured under a microscope.

The immunohistochemical assay was performed on FFPE sections of xenograft mouse tissues. Tumor sections measuring 5 μm were incubated with primary antibody at 4°C overnight and secondary antibody at room temperature for 2 h. Subsequently, all fields were observed under light microscopy. ImageJ was used to calculate the integrated OD (IOD), the distribution area of IHC staining images, and the average OD (AOD). AOD = IOD/Area.



Statistical Analysis

GraphPad Prism 8.0.1 software was used for statistical analyses. All data were presented as mean ± SD of at least three independent experiments. One-way ANOVA was selected for more than two groups. *p < 0.05, **p < 0.01, or ****p < 0.0001 was labeled for statistical significance.
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Background

Recent studies in the United States have shown that breast cancer accounts for 30% of all new cancer diagnoses in women and has become the leading cause of cancer deaths in women worldwide. Chondroitin Polymerizing Factor (CHPF), is an enzyme involved in chondroitin sulfate (CS) elongation and a novel key molecule in the poor prognosis of many cancers. However, its role in the development and progression of breast cancer remains unclear.



Methods

The transcript expression of CHPF in the Cancer Genome Atlas-Breast Cancer (TCGA-BRCA), Gene Expression Omnibus (GEO) database was analyzed separately using the limma package of R software, and the relationship between CHPF transcriptional expression and CHPF DNA methylation was investigated in TCGA-BRCA. Kaplan-Meier curves were plotted using the Survival package to further assess the prognostic impact of CHPF DNA methylation/expression. The association between CHPF transcript expression/DNA methylation and cancer immune infiltration and immune markers was investigated using the TIMER and TISIDB databases. We also performed gene ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis with the clusterProfiler package. Western blotting and RT-PCR were used to verify the protein level and mRNA level of CHPF in breast tissue and cell lines, respectively. Small interfering plasmids and lentiviral plasmids were constructed for transient and stable transfection of breast cancer cell lines MCF-7 and SUM1315, respectively, followed by proliferation-related functional assays, such as CCK8, EDU, clone formation assays; migration and invasion-related functional assays, such as wound healing assay and transwell assays. We also conducted a preliminary study of the mechanism.



Results

We observed that CHPF was significantly upregulated in breast cancer tissues and correlated with poor prognosis. CHPF gene transcriptional expression and methylation are associated with immune infiltration immune markers. CHPF promotes proliferation, migration, invasion of the breast cancer cell lines MCF-7 and SUM1315, and is significantly enriched in pathways associated with the ECM-receptor interaction and PI3K-AKT pathway.



Conclusion

CHPF transcriptional expression and DNA methylation correlate with immune infiltration and immune markers. Upregulation of CHPF in breast cancer promotes malignant behavior of cancer cells and is associated with poorer survival in breast cancer, possibly through ECM-receptor interactions and the PI3K-AKT pathway.





Keywords: bioinformation, breast cancer, CHPF, prognosis, immune, DNA methylation



Introduction

Breast cancer has become the second most common cause of cancer death in women worldwide (1). According to previous literature, there is no clear cause of breast cancer to achieve precise cause-specific treatment; some patients are still at advanced stages upon detection due to the limitations of early diagnosis techniques and popularity; some types of breast cancer progress rapidly and have limited treatment options.

The emergence of prognostic predictors is expected to improve the prognosis of breast cancer patients. Previous clinical applications mostly relied on tumor size, lymph node status, and tumor grading, which were later found not to enable personalized treatment. Therefore, the search for new markers that can achieve a prognostic role has gradually tended to continue, from the RNA level to the protein level. However, none of these studies has achieved a revolutionary breakthrough, and there is still an urgent need for more emerging indicators.

Efforts have been made by experts from various disciplines to improve the prognosis of breast cancer patients. For example, the introduction of new diagnostic techniques (2, 3); the introduction of genomic and metabolomic studies thus refining the type of breast cancer pathology (4–6); the exploration of molecular markers (7–10) and the development of targeted therapeutic modalities (11–16). However, there is a lack of more studies about the emerging molecular marker, CHPF, in cancer.

Chondroitin Sulfate(CS), is a type of sulfated glycosaminoglycans (GAGs) (17, 18) and is involved in the biosynthesis of the skeleton (19). Multiple studies find CS involvement in tumor progression and metastasis (20–23). CHPF has beta-1,3-glucuronic acid and beta-1,4-N-acetylgalactosamine transferase activity and is involved in CS chain elongation (24–26). CHPF is located in the 2q35-q36 region of human chromosomes, spanning four exon regions, and plays an important role in cellular function (27).The latest study reported that, CHPF may act as both an oncogene and a cancer-promoting factor in a variety of tumors. It is upregulated and its high expression was positively correlated with poor prognosis in breast cancer (28, 29), lung cancer (30–32), malignant melanoma (33), cholangiocarcinoma (34). However, studies in hepatocellular carcinoma are contradictory (35, 36). Currently, there is no clear mechanism of action of CHPF in cancer. In addition, there are few studies on this gene in breast cancer, and there is a lack of additional evidence to confirm its important role in breast cancer.

In this paper, we investigated the role of CHPF in breast cancer prognosis prediction and proposed a combined bioinformatics and basic experimental approach. The present study presents and explores for the first time the relevance of CHPF as well as methylation to immunity.



Methods and Materials


UCSC Xena

UCSC Xena (http://xena.ucsc.edu/) comprises a cancer genomics data analysis platform containing integrated data from various TCGA tumors. Obtaining breast cancer expression data, survival data files, and pan-cancer data from this site.



CHPF DNA Methylation and Cancer Immune Infiltration Analysis

The relationship between CHPF DNA methylation and CHPF transcript expression was investigated in TCGA-BRCA. KM survival analysis was performed using Survival package to evaluate the potential impact of CHPF DNA methylation/expression on clinical outcomes. Analysis of the association between CHPF transcript expression/DNA methylation and cancer immune infiltration using the GSCA database.



Source of Human BRCA With Adjacent Non-Tumor Samples

All breast tissue samples were obtained from the Department of Pathology, Affiliated Hospital of Xuzhou Medical University. The patients’ clinicopathological data were obtained from the hospital medical record system and informed consent was obtained from patients for all human samples. The specimens and data used for the study were approved by the hospital ethics committee.



Cell Lines and Cell Culture

The breast cell lines MCF-7, MCF-10A, MDA-MB-231, SUM1315, ZR-75-1, T47D were purchased from the Shanghai Institute of Biochemistry and Cell Biology, Chinese Academy of Sciences (Shanghai, China). MCF-7, MDA-MB-231, SUM1315, ZR-75-1 and T47D cells were cultured in DMEM medium (with 10% fetal bovine serum and 1% Penicillin-streptomycin solution), whereas MCF-10A cells were cultured in DMEM/F12 medium supplemented with 10% fetal bovine serum and were incubated in a 37°C humidified incubator with 5% CO2.



RNA Extraction and RT-qPCR

Total RNA was extracted using the TRIzol reagent (Invitrogen) according to instructions. After determining the RNA concentration, the reverse transcription reaction was performed with HiScript II Q RT SuperMix for qPCR (Vazyme Biotech, Nanjing, China). The RNA expression was determined using SYBR Green (Vazyme Biotech, Nanjing, China) reagents. The machine was operated on a Bio-Rad QX100 Droplet Digital PCR system (USA) and the relative RNA amounts were calculated and normalized to GAPDH using the 2-ΔΔCt method. All premiers were obtained from GENERAY Biotechnology (Shanghai, China) and are summarized in Additional File 1: Table S1.



Western Blotting

Total proteins were extracted from tissues or cells using pre-cooled RIPA buffer (Beyotime, Shanghai, China) containing protease inhibitors (Thermo Scientific, USA). Protein quantification was performed with a dicinchoninic acid protein assay kit (Thermo Scientific, USA). Equal amounts of protein samples were separated by the 4-12% SDS-PAGE (GenScript, Nanjing, China) and then transferred to 0.45μm PVDF membranes (Millipore, USA). After blocking with TBST containing 5% skim milk for 2h, the membranes were incubated with the corresponding primary antibodies overnight at 4°C. TBST was washed 3 times and incubated with HRP-coupled secondary antibodies at room temperature for 1h. Immunoblots were detected by an imaging system (Bio-Rad, USA) using an enhanced chemiluminescence detection kit (Servicebio, Wuhan, China). GAPDH was selected as a loading control. Primary antibodies specific for CHPF (ab224495) were purchased from Abcam. Anti-GADPH (#51332), anti-E-cadherin (#2195), anti-N-cadherin (#13116), anti-Vimentin (#5741), anti-Snail (#3879), anti-PI3K(#4249), anti-AKT(#4691), and anti-p-AKT(#S473) were purchased from Cell Signaling Technology. Anti-phospho-PI3K(Tyr485) (sc-130211) was purchased from Santa Cruz Biotechnology (USA). The secondary goat anti-rabbit or goat anti-mouse (Abcam, USA).



siRNA Transfections

CHPF (siLCHPF) specific small interfering RNA (siRNA) and non-specific control siRNA (siCtrl) were purchased from GenePharma (Shanghai, China) and transfected with siLentFect Lipid Reagent (Bio-Rad Laboratories, Inc.) based on the manufacturer’s instructions when BRCA cells grew to 20~50% confluence. Four to six hours after transfection, the medium containing the transfection reagent was substituted with a medium containing 10% fetal bovine serum. The siRNA sequences are listed in Supplementary Table S2.



Stable Cell Line Generation

CHPF short hairpin RNA (shRNA) and interference control lentivirus were purchased from GenePharma. Cells were spread in 24-well plates at 1×10^5/well. The next day, 2 ml of fresh medium containing polybrene 6-8 ug/ml was added to replace the original medium, followed by the addition of an appropriate amount of virus suspension and incubation at 37°C. After 4-6 h, the medium was changed. Continue incubation for 24-48 h and then screen with 2 ng/ml puromycin for 2 weeks, changing the medium every 3 days. Stably transfected cell lines were screened. The infected and screened cells were passaged and continued to be cultured with the addition of puromycin for maintenance screening, and after 3 generations of continuous culture and passaging, the cells were lyophilized. The shRNA sequences are listed in Supplementary Table S3.



Cell Proliferation Assay and Colony Formation Assay

To assess the proliferative capacity of cells, Cell Counting Kit-8 (CCK-8, Dojindo Laboratories, Kumamoto, Japan) was used. Cells were inoculated into 96-well plates at 2000 cells per well. Six replicated wells were set up for each group. Then,10μl CCK8 solution was added to the wells and the samples were incubated for 2 h at 37°C. The absorbance of the samples at 450 nm was measured for five consecutive days. We performed three independent experiments and presented the results as mean ± SD. For colony formation assays, 800 cells/well were inoculated in 60 mm plates and cultured in a medium containing 10% FBS for 14 days. The culture medium was discarded, methyl-fixed for 20 min, stained with crystal violet for 20 min, gently rinsed in running water, dried, and photographed for counting.



EDU Assays

EDU (5-Ethynyl-2’-deoxyuridine) assays were performed using the EDU assay kit (RiboBio, Guangzhou, China) and according to the manufacturer’s instructions. Logarithmic growth phase cells were taken and cultured at 4 × 103 cells/well and inoculated in 96-well plates. After 20h of incubation, cells were treated with 50μmol/L Edu medium and incubated at 37°C for 2 h. Cells were washed with PBS, fixed with 4% paraformaldehyde for 30 min, and incubated with 50 ul of 2 mg/mL glycine for 5 min. The cells were then incubated with 0.5% Triton X-100 permeate for 10 min and 100μL of 1× Apollo® staining reaction solution for 30 min at room temperature, protected from light, followed by permeabilization. Finally, 100μL of Hoechst 33342 (5μg/mL) was used for staining for 30 min and observed and captured with a fluorescence microscope (IX71; Olympus, Tokyo, Japan).



Wound Healing Assay

The cells were cultured to logarithmic phase and then inoculated in 6-well plates according to 1×105 cells per well and incubated in an incubator at 37°C for 24 h. After the cells were spread all over, a 20.0 μL pipette tip was used to scratch vertically on the horizontal line, and the medium without fetal bovine serum was added after washing with PBS, and the position and width of the scratch were recorded under a 200× microscope at 0 h. The cells were further incubated in the incubator for 24 h and then recorded under 200× microscope. After incubation for 24 h, the cells were photographed and recorded under 200× microscope to detect the migration distance.



Transwell Assay

Transwell (BD bioscience, SanJose, CA)assay was used to assess cell invasiveness. The matrigel was diluted in proportion (serum-free medium: matrigel = 9:1) one day before performing the invasion assay and the diluted matrigel was subsequently added to the upper chamber (40ul/well) and placed in a 37°C incubator overnight. Cells were counted and 40,000 cells/well were selected for invasion assay, and added to 200ul with serum-free medium. At the same time, 800 ul of the serum-containing medium was added to the lower chamber. Placing 24-well plates in a 37°C incubator for 48 hours. When the time comes, fixation, staining, swabbing, and photo-counting are performed. Five randomly selected regions were counted for the number of invading cells.



Bioinformatical and Statistical Analysis

All statistical analyses of bioinformatics were performed with Rstudio software (version 1.4.1717; http://www.rstudio.com/products/rstudio). First, differential expression analysis was performed using the limma package to explore whether CHPF is differentially expressed in breast cancer patients and normal cases. To explore the correlation between CHPF transcriptional expression/DNA methylation and the prognosis of breast cancer patients, Kaplan-Meier survival analysis was performed in this study using the Survival and Survminer software packages and matched by the log-rank test. In addition, we further analyzed the univariate Cox regression analysis between multivariate and survival. In order to explore the possible mechanism of action of CHPF in breast cancer, we performed GO,KEGG, and GSEA analysis based on TCGA data. All underlying experimental statistical analyses were performed by the SPSS 23.0 statistical package (SPSS, Inc., Chicago, IL). T-tests were used to evaluate differences between control and knock-down groups. Differences were deemed significant when P < 0.05.




Results


CHPF Is Highly Expressed in Breast Cancer and Is Associated With Poor Prognosis

After preprocessing the data from 33 tumors obtained from UCSC Xena, differential expression analysis was performed using the limma package to compare CHPF expression in 33 tumor samples as well as the corresponding normal samples (in this case, only tumors with the number of normal samples >= 5 were selected).Significant differences in CHPF gene expression were found in BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KICH, KIRC, KIRP, LIHC, LUAD, LUSC, PRAD, READ, STAD, and UCEC, and the gene expression was significantly upregulated in breast cancer (Figure 1A). Because of the unequal number of TCGA-BRCA tumor samples and normal samples, a paired analysis was selected, which showed a significant increase in CHPF gene expression levels in breast tumor samples (Figure 1B). Subsequent KM survival analysis was performed and the results demonstrated a poorer prognosis in the high CHPF expression group (Figure 1C), in addition, we selected the GEO dataset GSE20685 for further validation and obtained the same results as TCGA (Figure 1D). When we integrated both clinicopathological factors and CHPF gene expression in the univariate Coxregression analysis variables, we could see that CHPF gene expression was related to prognosis and function as a risk factor (Figure 1E). Here, we analyzed the expression of the CHPF gene in 14 pairs of tumors and normal tissues and found that the CHPF gene was significantly increased in breast cancer tissues (Figure 1F). In addition, we examined CHPF protein levels in six breast cell lines by western blotting. CHPF was extensively abundant in breast cancer cell lines MCF-7 as well as SUM1315(Figure 1G), and so these two cell lines were selected for follow-up studies.




Figure 1 | Expression of CHPF is significantly higher in breast cancer and negatively correlated with overall survival. (A) ATCGA data analysis shows high expression of CHPF gene in breast cancer tissues. (B) Expression levels of CHPF genes in paired breast samples. (C) The results of KM survival analysis based on TCGA-BRCA data (p = 0.002, log-rank test). (D) The results of KM survival analysis based on breast cancer GEO dataset GSE20685 (P = 0.001, log-rank test). (E) Univariate COX regression analysis shows CHPF gene expression as a poor prognostic factor. (F) CHPF protein expression was detected by western blotting in fourteen paired LUAD tissue. (G) Western blotting detected the protein levels of CHPF in six breast cell lines.





CHPF DNA Methylation Was Negatively Correlated With CHPF Transcript Expression, Both of Which Were Associated With Immune Infiltrates

In TCGA BRCA, we first analyzed the extent to which methylation occurred at different loci in the CHPF gene (Figure 2A). A subsequent correlation analysis revealed that CHPF transcript expression was negatively correlated with cg03176520 site methylation (Figure 2B). KM survival analysis showed that higher CHPF cg03176520 site methylation was correlated with better overall survival (OS) and progression-free survival (PFS) (Figures 2C, D) In addition, Breast cancer patients with both cg03176520 site hypermethylation and low CHPF gene expression had significantly increased overall survival contrasted to hypermethylation combined with high CHPF gene expression group (Figure 2E). We also analyzed immune cell infiltration in tumor microenvironment. We can see that the degree of immune cell infiltration in the breast cancer tumor microenvironment correlates with prognosis(P=0.011) (Figure 2F). The results of immune cell content analysis based on high and low CHPF gene expression groups showed that a total of 10 immune cells differed between the two groups (P<0.05) (Figure 2G). The correlation test further analyzed the correlation between immune cells and the CHPF gene, and the results showed that a total of 12 immune cells were correlated with the target gene (P<0.05). In this time, a total of 10 differentially expressed immune cells were obtained after taking the intersection of immune cell differential analysis and correlation analysis results (Figure 2H). KM survival analysis of these 10 differential immune cells showed among them B cells memory, B cells naive, T cells CD4 memory resting, Macrophages M0, Macrophages M1 were statistically significant in relation to survival, where higher Macrophages M0, Macrophages M1, B cells memory were associated with poor prognosis (Figure 2I). Apart from that, the results from the GSCA database analysis showed that CHPF DNA methylation was significantly negatively correlated with the infiltration levels of B, CD8+ T/CD4+ T cells, cytotoxic, and Exhausted (Figure 2J).




Figure 2 | CHPF gene is associated with DNA methylation, and immune infiltration. (A) The extent of methylation at different loci in the CHPF gene. (B) CHPF gene expression is negatively correlated with methylation sites cg03176520. (C) Overall survival is higher in breast cancer patients with high cg03176520 methylation. (D) PFS is higher in breast cancer patients with high cg03176520 methylation. (E) Breast cancer patients with both high CHPF gene expression levels and hypomethylation have a poorer prognosis. (F) Scoring of immune cells in the tumor microenvironment in TCGA-BRCA. (G) Differential expression of immune cells in high and low subgroups of CHPF genes. (H) Results of correlation analysis between CHPF gene and immune cells. (I) Positive results of KM survival analysis of immune cells associated with CHPF gene. (J) Correlation of CHPF methylation with immune cells.





CHPF Gene Expression and CHPF DNA Methylation Correlate With Clinicopathological Parameters

We then analyzed the relationship between clinicopathological parameters and CHPF gene expression and methylation in BRCA patients. The results showed that CHPF expression was upregulated in patients over 35 years of age compared with patients <= 35 years of age (Figure 3A), and the level of CHPF expression was significantly higher in patients in stage M1 compared with the M0 group (Figure 3B). Although there were no significant differences in tumor stage, T-stage, and N-stage subgroups, CHPF expression appeared to be increased in stages IV, T4, and N3 compared to other classifications in the same group (Figures 3C–F). Using the online database bc-GenExMiner (http://bcgenex.ico.unicancer.fr), we investigated the relationship between CHPF expression and ER, PR, HER2, and from the results, we can conclude that CHPF is significantly predominantly present in ER-, PR-, ER/PR-, HER2+ groups, respectively (Figures 3G–J). And in clinical practice, these groups tend to have a poor prognosis. Meanwhile, the relationship between CHPF cg03176520 motif methylation and breast cancer tumor stage was analyzed online at smartapp (http://www.bioinfo-zs.com/smartapp/), and although not supported by positive results, we could still see that the CHPF cg03176520 motif was less methylated in samples with advanced IV samples were less methylated than other stages (Figure 3K).




Figure 3 | Expression levels of CHPF genes and CHPF DNA methylation in each clinical subgroup. (A) CHPF expression levels in age subgroups. (B) CHPF expression levels in M-staging subgroups, (C) CHPF expression levels in gender subgroups. (D) CHPF expression levels in T-stage subgroups. (E) CHPF expression levels in N-stage subgroups. (F) CHPF expression levels in tumor staging subgroups. (G) bc-GenExMiner analyzed the expression of CHPF genes under different ER states. (H) bc-GenExMiner analyzed the expression of CHPF genes under different PR states. (I) bc-GenExMiner analyzed the expression of CHPF genes under different ER/PR combinations. (J) bc-GenExMiner analyzed the expression of CHPF gene in HER2 subgroup. (K) Degree of CHPF methylation in tumor staging subgroups. *P < 0.05, **P < 0.01, ***P < 0.001.





Correlation of CHPF Transcriptional Expression/DNA Methylation With Immune Markers

We evaluated the relationship between CHPF transcript expression/DNA methylation and immune markers utilizing the TISIDB online database (Figures 4A–J). CHPF transcript expression is weakly correlated with immunomodulators such as BTLA, CD160, CD274, CD96, IL10RB, KDR, LGALS9, PVRL2, VSIR, CD40, CD40LG, CD70, IL6R, KLRK1, MICB, NT5E, PVR, TMEM173, TNFRSF14, TNFRSF18, TNFRSF25, TNFSF9, TNFSF13, TNFSF15, ULBP1 (1 < |R| < 3) and strongly correlated with CD276, TNFRSF4, TGFB1 (|R| > 3). While CHPF DNA methylation was only positive and unrelated to immunomodulators, there was no negative correlation (Table 1). CHPF transcript expression was weakly and positively correlated with the major histocompatibility complex (MHC)-associated molecules HLA-A, HLA-B, HLA-C, HLA-DPB1, HLA-DQB1, HLA-DRB1, HLA-E, HLA-F, HLA-G, TAPBP. Except for TAPBP, CHPF DNA methylation was significantly and negatively correlated with all MCH-associated molecules, especially with HLA-B, HLA-DMA, HLA-DMB, HLA-DOA, HLA-DOB, HLA-DPA1, HLA-DPB1, HLA-DQA1, HLA-DQB1, HLA-DRA, HLA-DRB1, HLA-E, HLA-F, TAP2 strongly correlated (Table 2). In terms of chemokines and receptors, CHPF transcript expression was weakly orthogonal to CCL7, CCL11, CX3CL1, CXCL16, strongly orthogonal to CCR10, and weakly negatively correlated with CXCL9, XCL1, CCR2CCR4, CCR5, CCR6, CCR7, CCR8. And CHPF DNA methylation was markedly positively correlated with most chemokines and receptors (Table 3). Interestingly, we discovered that immune-related molecules that were significantly associated with both CHPF transcriptional expression as well as CHPF DNA methylation always showed opposite trends.




Figure 4 | Correlation of CHPF transcriptional expression/DNA methylation with immune markers (A) Spearman correlations between expression of CHPF and immunoinhibitors. (B) Spearman correlations between expression of CHPF and immunostimulators. (C) Spearman correlations between expression of CHPF and MHCs. (D) Spearman correlations between expressions of CHPF and chemokine. (E) Spearman correlations between methylation of CHPF and receptor. (F)Spearman correlations between methylation of CHPF and immunoinhibitors. (G) Spearman correlations between methylation of CHPF and immunostimulators. (H) Spearman correlations between Methylation of CHPF and MHCs. (I) Spearman correlations between Methylation of CHPF and chemokine. (J) Spearman correlations between Methylation of CHPF and receptor.




Table 1 | Correlation analysis between CHPF expression/DNA methylation and immunomodulators.




Table 2 | Correlation analysis between CHPF expression/DNA methylation and MCH-associated molecules.




Table 3 | Correlation analysis between CHPF expression/DNA methylation and chemokines, receptors.





CHPF Promotes Breast Cancer Cell Proliferation, Migration, and Invasion In Vitro

Since the expression of CHPF was higher in MCF-7 cells and SUM1315 cells than in normal mammary cells MCF-10A in the cell line validation, these two cell lines were selected for interference and transiently transfected with siRNA targeting CHPF (S1 and S2) or siCtrl (NC) in MCF-7 and SUM1315 cells, respectively. Both western blot and RT-qPCR results showed that CHPF was significantly reduced in CHPF siRNA-transfected cells compared to control cells (Figures 5A, B) The results of the clone formation assay showed that the number of colony formation was dramatically reduced in the knockdown CHPF group compared to the control group (Figure 5C). The proliferation of MCF-7 and SUM1315 cells was markedly decreased after down-regulation of CHPF expression in the CCK8 value-added assay (Figure 5D). In addition, EDU incorporation analysis also showed that the proportion of EDU-positive MCF-7 and SUM1315 cells was significantly reduced in the CHPF-interfered group compared with the corresponding control cells (Figure 5E). The results of wound healing and invasion assays showed that interference with CHPF reduced the migratory capacity and invasive ability of MCF-7 and SUM1315 cells (Figures 5F, G). Furthermore, the protein levels of EMT-related genes N-cadherin, Snail, and Vimentin were down-regulated in CHPF knockdown MCF-7 and SUM1315 cells, while the protein levels of E-cadherin were up-regulated (Figure 5H).




Figure 5 | CHPF promotes proliferation, migration, and invasion of breast cancer cells. (A) Western Blotting for Validating the Knockdown Effect of CHPF Gene in Breast Cancer Cell Lines MCF-7 and SUM1315A. (B) Real-time quantitative PCR confirms changes in mRNA levels after knockdown of the CHPF gene in MCF-7 and SUM1315. (C-E) Clone formation experiments, CCK8, and EDU assay all showed that knockdown of the CHPF gene significantly inhibited the proliferation of breast cancer cells. (F, G) Wound healing, and invasion assays were performed to identify metastasis ability after CHPF knockdown in MCF-7 and SUM1315 cells. (H) Changes in the expression of the EMT biomarkers E-cadherin, N-cadherin, Snail, and Vimentin after CHPF knockdown were detected by western blot. All experiments were repeated three times. The data are shown as mean ± S.D. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P <  0.0001.





CHPF Can Alter the Expression of Genes Related to ECM-Receptor Interactions and PI3K-AKT Pathways

To further understand the molecular mechanism of CHPF-induced BRCA metastasis, we performed bioinformatics analysis using TCGA-BRCA data. The samples were divided into two groups of high and low CHPF gene expression, and all genes in the two groups were analyzed for differential expression, with |logFC|>1 and adjusted P value <0.05 as the screening conditions, and a total of three differentially expressed genes were screened out, namely MMP11, COMP, and COL6A2. GO enrichment analysis revealed that the differential genes were mostly related to extracellular matrix-associated terms which are often associated with tumor aggressiveness (Figure 6A), while KEGG pathway enrichment analysis showed that differential genes were mainly enriched in ECM-receptor interaction and PI3K-AKT pathway (Figure 6B). The ECM-receptor interaction and PI3K-AKT pathways are cross-linked with each other and consist of many genes involved in cell motility and cancer metastasis, which is consistent with the metastasis-promoting role of CHPF genes. GSEA enrichment analysis was performed on the most significantly enriched ECM-receptor interaction pathway in KEGG, and the results showed a positive correlation between this pathway and CHPF gene expression. We used GEPIA to verify the correlation between the above three genes and the CHPF gene, and the results showed that all the above genes were significantly associated with the CHPF gene (Figures 6C–F).




Figure 6 | The results of enrichment analysis of CHPF-related genes GO, KEGG pathway. (A) Bar plot of GO enrichment analysis results. (B) Bubble plot of KEGG enrichment analysis results. (C) GSEA enrichment analysis results. (D) Correlation analysis of CHPF gene and COL6A2 gene. (E) Correlation analysis of CHPF gene and MMP11 gene. (F) Correlation analysis of CHPF gene and COMP gene. (G) Changes in protein levels of critical genes in the PI3K-AKT signaling pathway. (H) Results of quantitative real-time PCR of genes differentially expressed and involved in ECM-receptor interactions and PI3K-AKT pathway. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. ns is the abbreviated form of non-significance.



In addition, western blotting was performed to verify the key genes of the PI3K-AKT signaling pathway. According to the results, it can be seen that the levels of P-PI3K and P-AKT in the CHPF knockdown group were lower than those in the control group (Figure 6G). Subsequently, we selected genes differentially expressed in the two groups and involved in the ECM-receptor interaction and PI3K-AKT pathways for quantitative real-time PCR validation (fold change > 1.5) (Figure 6H). We analyzed the changes in mRNA levels of a total of 13 genes this time, 10 of which were altered with the CHPF gene alterations. Among them, only COL6A2, and SDC1 were significantly increased in response to CHPF knockdown. In contrast, COL6A2 was indeed positively correlated with CHPF in the GEPIA database, which is contrary to our present findings.




Discussion

Little has been reported about CHPF as a novel tumor-associated gene. At present, only a few publications focus on the role of CHPF in non-small cell adenocarcinoma, hepatocellular carcinoma, and breast cancer.

DNA methylation, an epigenetic modification (37–40). It plays a crucial role in normal human growth and development and cell biology (41, 42). Emerging evidence suggests that tumors often hijack various epigenetic mechanisms to evade immune restriction (38, 43). There are precise patterns of DNA methylation regulation in healthy human tissues, and changes in them can be detected in cancer development and progression. Previous studies have reported that hypomethylation of oncogenes is one of the hallmarks of almost all types of cancers, including breast cancer (44). Currently, there are no relevant studies on the methylation of this gene and immune infiltration.

The tumor microenvironment (TME) includes tumor cells, various immune cells as well as endothelial cells, and fibroblasts (45, 46). Previous studies have reported that TME components, particularly immune cells, influence tumor development and the body’s response to immune checkpoint blockade (ICB) (45).

In the current study, CHPF transcript expression was negatively correlated with DNA methylation in breast cancer, and CHPF transcript expression was associated with poorer prognosis while methylation of the CHPF DNA cg03176520 locus was associated with better survival. Immune cell differential analysis and correlation analysis showed that CHPF transcript expression was associated with 10 immune cells, including macrophages, CD4+ T cells, CD8+ T cells, and B cell infiltration. CHPF DNA methylation was significantly and negatively associated with B, CD8+ T/CD4+ T cells, cytotoxic, and Exhausted. In addition, CHPF transcript expression and DNA methylation correlated with various immunomodulators and most chemokines and receptors listed in TISIDB. Our study provides new research direction for the role of CHPF in breast cancer.

Our research also proved a significant increase in CHPF expression in breast cancer tissues. In vitro, CHPF promoted proliferation, migration, and invasion of breast cancer cells. The EMT-related genes associated with migration and invasion were also positive in this experiment. In addition, possible mechanisms were further investigated by bioinformatics analysis. We divided TCGA-BRCA samples into two groups of high and low expression according to the median expression of CHPF, and performed differential expression analysis of genes in both groups, and a total of three significantly different genes were obtained this time, namely MMP11, COMP, and COL6A2. Based on these three differential genes and the target gene CHPF, GO, KEGG, GSEA enrichment analysis was subsequently performed, and the results showed significant enrichment in ECM-receptor interactions and PI3K-AKT signaling pathways. After the knockdown of CHPF, we confirmed the changes in expression of key genes in the PI3K-AKT pathway, especially P-PI3K, P-AKT by western blotting, and the changes in differential genes in ECM-receptor interactions and PI3K-AKT pathway by RT-qPCR. The results showed that BAD, COL1A2, COL6A1, COL6A2, COMP, ITGA11, MMP11, RELN, SDC1, and SV2B were significantly differentially expressed. Moreover, among them, COL6A2, and SDC1 were significantly increased with the knockdown of the CHPF gene. In summary, we speculate that the CHPF gene may function with the above three genes, especially the more significantly altered MMP11, and subsequently promote breast cancer metastasis through the PI3K/AKT pathway. Of course, this requires further experimental validation.

There are also shortcomings in the present study, and the following questions still need to be addressed: (1) How the CHPF gene plays a role in promoting the proliferation and migration invasion of breast cancer cells with the help of the PI3K-AKT pathway, and whether it must act through the relevant genes we have validated need to be further investigated. (2) There is a lack of support from animal experiments. In addition, in this study, no experiments such as cell cycle were performed to verify that CHPF promotes cell proliferation (3) The CHPF gene has been linked to immunity in both transcriptional expression and DNA methylation, and the next step is to find the most relevant immune markers for the target gene and to investigate whether CHPF affects certain immunotherapy targets. (4) In addition, we have only explored the relationship between CHPF and immunity initially by bioinformatics methods. Relevant experimental evidence, such as the use of immunohistochemistry or PCR to verify the association between CHPF and immune-inflammatory indicators, is still lacking. The above shortcomings will require more time and effort to explore further in the future.



Conclusion

In conclusion, our study demonstrated that CHPF, a novel tumor-promoting gene in BRCA, can promote cell migration and invasion through the ECM and PI3K/AKT signaling pathways, ultimately altering the survival of BRCA patients. Our findings highlight the critical role of CHPF in BRCA metastasis and its potential prognostic and therapeutic value.
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Background

Heterogeneity of breast cancer (BRCA) is significantly correlated with its prognosis. Target therapy for ferroptosis and immunity is a new cancer treatment option discovered in recent years. In the present study, we aimed to identify ferroptosis- and immune-related long non-coding RNAs (lncRNAs) to accurately predict the prognosis and diagnosis of patients with breast infiltrating duct and lobular carcinoma by integrated analyses.



Methods

The corresponding data for the patients with breast infiltrating duct and lobular carcinoma by integrated analyses were obtained from The Cancer Genome Atlas (TCGA). Analyses of univariate and multivariate Cox regressions were used to identify the suitable candidate biomarkers.



Results

We found that seven ferroptosis- and immune-related differentially expressed lncRNAs (FI-DELs) (AC007686.3, AC078883.1, ADAMTS9-AS1, AL035661.1, CBR3-AS1, FTX, and TMEM105) were correlated with the overall survival of patients with breast infiltrating duct and lobular carcinoma. The areas under the receiver operating characteristic (AUCs) value of the prognosis model were all over 0.6 in training, validation, and entire groups. The sensitivity and specificity of the diagnosis model was 87.84% and 97.06%, respectively.



Conclusions

Through a series of bioinformatics analyses, we found that the seven FI-DELs could serve as prognostic and diagnostic biomarkers for patients with breast infiltrating duct and lobular carcinoma. However, whether these seven biomarkers could be really applied to the clinic requires further investigations.
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Introduction

Breast cancer (BRCA) is the most common type of malignant tumor. Globally, BRCA has very high incidence rates (1). It is established that there are almost 2.3 million new cases and 70 thousands deaths in 2020 (1). As a benefit from the development of BRCA diagnosis and treatment, the 5-year survival rate of BRCA patients has increased to 90% in recent years (2–4). However, BRCA is often diagnosed at later stage because it is asymptomatic early, which can lead to serious consequences (5). Previous studies have also demonstrated that there are significant differences in the prognosis of BRCA due to the heterogeneous of tumor cell (6, 7). Therefore, it is necessary and important to identify novel prognostic and diagnosis signatures for different types of BRCA to guide clinical practice and improve overall survival.

Previous studies indicated that BRCA easily metastasizes to other organs, such as the bones and lungs (5). For non-metastatic BRCA, the primary goal of treatment is to eradicate the tumor from the breast and regional lymph nodes and prevent metastatic recurrence (8). For metastatic BRCA, treatment is aimed at prolonging life and relieving symptoms. At present, metastatic BRCA remains incurable in almost all patients. Neoadjuvant/adjuvant therapy has been used primarily in metastatic breast cancer (8). Evidence indicated that the response to neoadjuvant treatment and the prognosis of BRCA are positively influenced by the tumor-infiltrating lymphocytes (9, 10). The development and progression of BRCA are closely related to the immune microenvironment, such as CD8+ and CD4+ T cells (11–13). Ferroptosis, an iron-dependent form of regulated cell death, is first proposed by Dixon in 2012 (14). Cumulative evidence indicted that the ferroptosis and immune system can regulate each other and participate in the development and progression of cancers (15–20).

Long non-coding RNA (lncRNA) is a class of non-coding RNA molecules with transcription length over 200 nt (21). Previous studies have found that lncRNAs are closely involved in the development and progression of several cancers (including BRCA) in various ways and may serve as specific biomarkers (22–25). In this study, we aimed to identify suitable ferroptosis- and immune-related lncRNAs as prognosis and diagnosis biomarkers for patients with breast infiltrating duct and lobular carcinoma by integrated analyses.



Material and Methods


Data Acquisition

The RNA-seq counts data and their corresponding clinical information for 1,215 samples (102 normal and 826 patients with breast infiltrating duct and lobular carcinoma) were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The list of recognized ferroptosis- and immune-related genes were downloaded from the database of FerrDb and ImmPort, respectively. The annotated lncRNAs were downloaded from Gene Transfer Format (GTF) file (http://asia.ensembl.org).



Candidate Biomarkers Identification

The DESeq2 package in R (3.6.1) was used to screen the differentially expressed genes with the following criterion adj. p < 0.05, |logFC| ≥ 0.5 and base mean ≥ 50. Co-expression analyses for the genes and lncRNAs were determined by Pearson analyses with the following criteria: p < 0.05 and R ≥ 0.3. After dividing the patients with breast infiltrating duct and lobular carcinoma into two groups depending on the median value, univariate and multivariate Cox regressions were used to identify the overall survival (OS)-related signatures.



Prognosis and Diagnosis Model Construction

According to previous studies, we constructed the risk assessment model and the diagnosis model (26, 27). Risk value = (−1.08) × Exp (AC007686.3) + (−0.85) × Exp (AC078883.1) + (−1.03) × Exp (ADAMTS9-AS1) + (1.48) × Exp (AL035661.1) + (1.18) × Exp (CBR3-AS1) + (1.56) × Exp (FTX) + (0.86) × Exp (TMEM105). The Logit value = 1.023 + (−0.150) × Exp (AC007686.3) + (−0.072) × Exp (AC078883.1) + (−0.132) × Exp (ADAMTS9-AS1) + (0.051) × Exp (AL035661.1) + (0.087) × Exp (CBR3-AS1) + (−0.104) × Exp (FTX) + (0.053) × Exp (TMEM105). The Express (Exp) values of the candidate biomarkers were obtained from the normalized value of DESeq2 analyses.



Principal Component Analyses and Enrichment Analyses

Principal component analyses (PCAs) were conducted to reduce dimension and visualize the patients with breast infiltrating duct and lobular carcinoma with different risk values in R (3.6.1).

DAVID bioinformatics Resource 6.8 was used to perform the Gene Ontology and Kyoto Encyclopedia of Genes and Genomes analyses with the default parameters (28).



Statistical Analyses

A repeated measures ANOVA followed by unpaired two-tailed Student’s t-test was used as indicated. All results are expressed as mean ± SEM.




Results


Identification of Ferroptosis- and Immune-Related lncRNAs as Biomarkers

First, 16,901 lncRNAs were identified by analyzing the RNA-seq data from patients with breast infiltrating duct and lobular carcinoma, of which 741 lncRNAs were differentially expressed between the normal and the cancer patients. A total of 1,038 prognostic lncRNAs were identified by univariate Cox regression analyses in all patients with breast infiltrating duct and lobular carcinoma. To obtain ferroptosis- and immune-related lncRNAs, we downloaded 329 ferroptosis-related genes and 2,483 immune-related genes from the database of FerrDb and ImmPort, respectively. We then performed co-expression analyses for these ferroptosis- and immune-related genes with the lncRNAs and found that 8,997 ferroptosis- and immune-related lncRNAs correlated with 322 ferroptosis- and immune-related genes. Finally, we found that 47 ferroptosis- and immune-related differentially expressed lncRNAs (FI-DELs) were present among differentially expressed lncRNAs, prognostic lncRNAs, and ferroptosis- and immune-related lncRNAs (Figure 1A). The expression of these 47 FI-DELs are shown in Figure 1B. To construct a risk assessment model and further verify it, 826 patients with breast infiltrating duct and lobular carcinoma were randomly separated into training (n=413) or validation (n=413) group. Table 1 presents the detail clinical characteristics of these patients.




Figure 1 | Identification of ferroptosis- and immune-related lncRNAs as biomarkers. (A) Venn diagram to identify the common lncRNAs of differentially expressed lncRNAs, ferroptosis- and immune-related lncRNAs, and prognostic lncRNAs. (B) Heatmap of 47 common lncRNAs identified by Venn analyses. (C) Multivariate Cox regression analyses illustrated that seven FI-DELs were correlated with the OS of patients with breast infiltrating duct and lobular carcinoma independently. (D–J) Overall survival curve of these seven FI-DELs. (K) The correlation of these seven FI-DELs with the FI-DGEs.




Table 1 | Clinical characteristic of patients in the training and validation groups.



Through multivariate Cox regression analyses in the training group, we found that seven FI-DELs were correlated independently with the overall survival of patients with breast infiltrating duct and lobular carcinoma (Figures 1C–J). The interactions of these seven FI-DELs with the FI-DEGs are displayed in Figure 1K.



Construction and Validation of the Prognostic Model

According to previous studies, we first constructed a risk assessment model using these seven FI-DELs in the training group. The patients were further divided into high- and low-risk groups by the Youden index as the optimal cutoff value (Supplementary Figure S1). The risk value (up) and survival status (down) for each patients in the training group was displayed in Figure 2A. The expression of AC078883.1 and ADAMTS9-AS1 were significantly decreased, while the expression of the AL035661.1, CBR3-AS1, FTX, and TMEM105 were significantly increased in the patient with breast infiltrating duct and lobular carcinoma with high-risk value (Figure 2B). Patients with breast infiltrating duct and lobular carcinoma with high-risk value had a higher probability of death than these patients with the low-risk value (Figure 2C). As shown in Figure 2D, the area under ROC curve (AUC) reached 0.67. The time-dependent AUC reached 0.75 at 1 year, 0.71 at 3 years, 0.63 at 5 years, and 0.68 at 10 years.




Figure 2 | Developments and validations of prognosis model. (A, E, I) Risk value (up) and survival status (down) for each patients in the training group (A), validation group (E), and entire group (I). (B, F, J) Expression of these seven candidate biomarkers in the training group (B), validation group (F), and entire group (J). (C, G, K) Overall survival curve of patients with breast infiltrating duct and lobular carcinoma with different risk value in the training group (C), validation group (G), and entire group (J). (D, H, L) ROC curve of risk assessment model in the training group (D), validation group (H), and entire group (L). *p < 0.05, ***p < 0.001. ns, no significance.



We then performed similar investigations for the patients in the validation and entire groups. Similar results are shown in Figures 2E–L. All AUC values of the prognosis model in the training, validation, and entire group were over 0.60.



Independent Prognostic Value of Risk Assessment Model

To determine whether the risk assessment model was an independent prognostic factor for the patients with breast infiltrating duct and lobular carcinoma, univariate and multivariate Cox regression analyses were performed among the clinical characteristics and the prognostic model. The results of the univariate Cox regression showed that the risk assessment model was significantly associated with the OS in the training, validation, and entire groups (Figure 3A; Supplementary Figures S2A, D). The risk assessment model remained an independent predictor of OS in multivariate Cox regression analyses (Figure 3B; Supplementary Figures S2B, E). Additionally, the ROC curve analyses showed that the AUC value of the risk assessment model in the training group, validation group, and entire group were 0.67, 0.60, and 0.63 respectively (Figures 2D, H, L), which were higher than the AUC values of other prognostic factors (Figure 3C; Supplementary Figures S2C, F).




Figure 3 | Independent prognostic values of these four FI-DELs. (A) Univariate Cox regression analyses illustrated four clinical characteristics and risk assessment model were correlated with OS of patients. (B) Multivariate Cox regression analyses illustrated that three clinical characteristics and risk assessment model were correlated with the OS of patients independently. (C) ROC curve of different clinical characteristics and risk assessment model. (D–L) Comparison of the risk score in different clinical characteristics groups. (M) Correlation analyses of these seven FI-DELs with the clinical characteristics. *p < 0.05, **p < 0.01, ***p < 0.001.



To investigate the relationships of these seven FI-DELs with different clinical characteristics, we performed differential expression analyses and found that the risk values displayed significant difference among the patients with different age, gender, pathological TN, and pathological stage (Figures 3D–L). We further performed the correlation analyses and found that AC078883.1, CBR3-AS1, and AL035661.1 were significantly correlated with the risk value (Figure 3M).



The Immune Cell Infiltration Landscape in Breast Cancer

To further explore the relationship between FI-DELs and the immunity, we evaluated the immunity status using ESTIMATE in R (3.6.1). The estimate and stromal scores were significantly decreased, while the immune score and tumor purity was significantly increased in patients with breast infiltrating duct and lobular carcinoma (Supplementary Figures S3A–D). The estimate, immune, and stromal scores were significantly decreased, while the tumor purity was significantly increased in patients with breast infiltrating duct and lobular carcinoma with different risk score (Figures 4A–D). The correlation of immune status with these seven FI-DELs is displayed in Figure 4I.




Figure 4 | Correlation analyses of risk assessment model with the immunity. (A–D) Comparison of the estimate score (A), immune score (B), stromal score (C), and tumor purity (D) between the patients with different risk value. (E–H) Comparison of the infiltrating score between the patients with different risk value. (E) B cell. (F) Macrophage. (G) Myeloid dendritic cell. (H) T cell CD8+. (I, J) Correlation analyses of these seven FI-DELs with the ESTIMATE score (I) and infiltrating score (J). **p < 0.01, ***p < 0.001.



Subsequently, we used the TIMER algorithm to investigate the landscape of the immune cell infiltration. The infiltration score of the macrophage, myeloid dendritic cell, and T cell CD8+ were significantly decreased, while the infiltration score of B cell was significantly increased in the patients with breast infiltrating duct and lobular carcinoma (Supplementary Figures S3E–H). The infiltration score of these four immune cells and factors were significantly decreased in patients with breast infiltrating duct and lobular carcinoma with high-risk value (Figures 4E–H). The correlation of immune cells and factors with these seven FI-DELs is displayed in Figure 4J.



Immune-Related Pathways Were Activated in the Low-Risk Group

To explore the distribution of the patients with different risk score, we performed the PCA analyses using these seven FI-DELs and found that the patients with breast infiltrating duct and lobular carcinoma with low-risk value could be well separated from these patients with high-risk value in the training, validation, and entire groups (Figures 5A–C).




Figure 5 | Principal component analyses and enrichment analyses. (A–C) Principal component analyses (PCA) plots depicted distinct distribution of high- and low-risk groups based on these seven FI-DEGs in the training group (A), validation group (B), and entire group (C). Blue means low-risk group. Red means high-risk group. (D–F) Top 10 significantly enriched GO. (D) For BP. (E) For CC. (F) For MF. (G) Top 10 significantly enriched KEGG.



We subsequently performed differentially expressed analyses for these patients with different risk score. A total of 2,582 genes (660 upregulated DEGs and 1,922 downregulated DGEs) were differentially expressed between the low- and high-risk group (Supplementary Figure SS4). An enrichment analyses was carried out for these 2,582 DEGs using DAVID. A total of 563 BP, 89 CC, and 143 MF were enriched as measured by the false discovery rate (FDR) value <0.05 (Supplementary Table S1), and the top 10 of these GOs are displayed in Figures 5D–F, including several immune response GO term. KEGG analyses showed that 110 pathways were enriched as measured by the FDR value <0.05 (Supplementary Table S2), the top 10 of these pathways are displayed in Figure 5G, including ferroptosis- and immune-related pathway PI3K-Akt signaling pathway.



Construction of a Diagnostic Model

To know the role in the diagnosis of patients with breast infiltrating duct and lobular carcinoma, we performed a stepwise logistic regression analyses for these seven FI-DELs (Figure 6A). The logit score of patients was significantly higher than that of the normal (Figure 6B). Correlation analyses showed that the logit score was significantly associated with AC078883.1, FTX, ADAMTS9-AS1, and AC007686.3 (Figure 6C). The sensitivity and specificity of the diagnose model were 87.53% and 97.06%, respectively (Table 2). We also plot the ROC curve of the diagnose model, and the AUC value was 0.9702 (Figure 6C).




Figure 6 | Construction of diagnosis model. (A) β-value of these seven FI-DELs analyzed by stepwise logistic regression. (B) Diagnosis values between normal and patients with breast infiltrating duct and lobular carcinoma. (C) Correlation analyses of these seven FI-DELs with diagnosis values. (D) ROC curves of the diagnostic model. ***p < 0.001.




Table 2 | Sensitivity and specificity of diagnosis model.






Discussions

Because BRCA is often asymptomatic in early stages, most patients were diagnosed in later stages (5). In addition, previous studies have shown that the heterogeneity of BRCA is significantly correlated with its prognosis. Therefore, it is important to screen new prognostic and diagnostic biomarkers for different types of breast cancer to guide clinical practice (6, 7).

In the present study, we aimed to identify suitable ferroptosis- and immune-related lncRNAs as prognosis and diagnosis biomarkers for patients with breast infiltrating duct and lobular carcinoma by integrated analyses. Finally, we found that AC007686.3, AC078883.1, ADAMTS9-AS1, AL035661.1, CBR3-AS1, FTX, and TMEM105 were significantly associated with the OS of patients with breast infiltrating duct and lobular carcinoma. The risk assessment model and diagnosis model could predict the outcome of these patients. In addition, we found that the expression ADAMTS9-AS1 was decreased significantly, which demonstrated in previous studies as suppressor in BRCA cell invasion, proliferation, and the aggression (29, 30). In another research, Chen et al. also found that ADAMTS9-AS1, as prognostic biomarker, could promote cell proliferation and EMT in colorectal cancer (31). These results suggested that ADAMTS9-AS1 may play different roles for different types of cancers (29–31).

Fang et al. found that AL035661.1 was upregulated in renal cell carcinoma and positively associated with the poor prognosis (32). Similarly, we also found that the expression of AL035661.1 was decreased in patients with breast infiltrating duct and lobular carcinoma, and these patients with high expression of AL035661.1 exhibited worse OS. However, Lv et al. found that the expression of AL035661.1 was downregulated and could serve as prognosis biomarkers of hepatocellular carcinoma (33). These results indicated that AL035661.1 was closely related to the development and progression of several cancers (32, 33) and also increased the possibility of AL035661.1 as prognosis biomarker for BRCA patients with breast infiltrating duct and lobular carcinoma.

Previous studies have demonstrated that CBR3-AS1 could promote lung adenocarcinoma cell proliferation, migration, and invasion (34, 35). In BRCA, several studies have also demonstrated that the expression of CBR3-AS was upregulated in BRCA tissues and cells (36, 37). Those patients with high expression displayed poor OS (36, 37). Consistent with previous studies, we also found that CBR3-AS was increased and negatively significantly associated with the OS. Our present study reinforced the potential role of CBR3-AS1 as a therapeutic target and potential prognostic for breast cancer, especially for these BRCA patients with infiltrating duct and lobular carcinoma.

LncRNA FTX was first identified in Xist gene locus. Evidence indicated that FTX could promote the migration, proliferation, and invasion for several caners, including colorectal cancer, gastric cancer, and lung cancer (38–40). In this study, we found that the expression of FTX was downregulated. However, the patients with low expression of FTX exhibited better OS. Therefore, we hypothesized that the FTX expression was just correlated with the OS of BRCA patients. The aberrant expression of FTX could be a result of the progression of cancer.

For AC007686.3, AC078883.1, and TMEM105, although there were no reported relationships between them and cancer at present, our research suggested that they were closely related to BRCA cancer. Whether their abnormal expressions were the cause or the compensatory results remains to be further studied. In the future, we will also carry out functional studies in the further study.



Conclusions

Target therapy for ferroptosis and immunity are new cancer treatment options discovered in recent years. In the present study, through a series of bioinformatics analyses, we found that seven FI-DELs could serve as prognostic and diagnostic biomarkers for patients with breast infiltrating duct and lobular carcinoma. However, whether these seven biomarkers could be really applied to the clinic requires further investigations.
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Background

Genetic testing for breast cancer (BC) patients may shift the paradigm towards more personalized management and treatment strategies. While gene alterations may be ethnic-specific in breast cancer, our understanding of genetic epidemiology of BC remains mainly driven by data from Caucasian populations and further limited to selected handful of genes.



Methods

We collected whole blood samples from 356 BC patients at metastatic first line BC and primary stage IV disease at Beijing Cancer Hospital between Jan. 2013 to Dec. 2019. A comprehensive 600-gene cancer panel was used to detect germline variants in the covered genes with a median 300x sequencing depth. Variants were classified into pathogenic, likely pathogenic, variant of uncertain significance, likely benign and benign groups according to the ACMG/AMP Standards and Guidelines. Pathogenic and likely pathogenic variants were considered as deleterious mutations.



Results

The median age of 356 BC patients was 49 years (range, 21-87 years) at the first diagnosis of BC. Deleterious germline mutations across 48 cancer-related genes were identified in 21.6% (77/356) of the patients. The most prevalent mutations were BRCA1/2 mutations (7.0%), followed by ATM and RAD50 mutations (1.4% each). In addition, patients with family history were more likely to carry BRCA1 mutations (P=0.04). Moreover, patients with triple-negative breast cancer (TNBC) were more likely to harbor BRCA1 mutations than those with HR+ or HER2+ breast cancer (P=0.006). While there was no significant survival difference observed in BRCA1/2 carriers relative to non-carriers, patients with DNA damage repair (DDR) gene mutations (mostly frequently BRCA, ATM, RAD50) had worse disease-free survival (P=0.02).



Conclusions

The most prevalent germline mutations in a large cohort of Chinese patients with advanced BC were BRCA1/2 mutations, followed by ATM and RAD50 mutations. In total, approximately 16.0% (57/356) of patients carry deleterious mutations in DDR pathway. Patients with breast or ovarian cancer family history were more likely to carry BRCA1/2 mutations, and ones with DDR mutations had worse survival. These findings suggest that DDR mutations are prevalent in Chinese BC patients who may potentially benefit from treatment with Poly (ADP-ribose) polymerase inhibitors.





Keywords: breast cancer, germline mutations, DNA-damage repair pathway, next-generation sequencing, prognosis



Introduction

The incidence of breast cancer (BC) has been rising and approaching 36.1/100,000 in China (1). Actionable genetic mutations account for 5-10% of BC occurrence (2–4). Genetic testing for BC patients might change traditional management paradigms to encompass personalized treatment strategies (5, 6). For instance, genetic testing for germline BRCA1/2 mutations has evolved to be a part of the standard clinical practice in patients with triple negative breast cancer (TNBC) (5, 7, 8). As a consequence, patients harboring deleterious mutations of BRCA1/BRCA2 genes are identified who may be highly sensitive to treatment with DNA-damaging agents such as platinum-based chemotherapy agents, topoisomerase II inhibitors and recent poly (ADP‐ribose) polymerase (PARP) inhibitors (7, 9). Multiple genes are associated with hereditary BC, most of which are involved in DNA damage repair pathways such as homologous recombination repair (HRR) and mismatch repair (MMR) (4, 9–11). Mutation carriers of BRCA1, BRCA2, CDH1, CHEK2, MSH2, and ATM account for 10% of all BC patients (2).

It is becoming increasingly evident that germline BC mutations may vary across ethnicities (12, 13). For example, founder mutations in BRCA1 (187delAG and 5385insC) and BRCA2 (6174delT) constitute more than 90% of mutations in Ashkenazi Jews, but occur less frequently in other populations (14–16). Distinct BRCA1 c.5470_5477delTGCCCAAT and BRCA1 c.981_982delAT occur frequently in Chinese individuals, suggesting that they are potential founder mutations in the Chinese population (5, 10, 13). The frequencies of gene mutations also differ by ethnic groups. The frequency of BRCA1/2 gene mutations in Ashkenazi Jews is approximately 11.1% (16), but is lower in other populations, with an estimate of 5.3% in unselected Chinese patients (4) and 6.0% in unselected European patients (8), respectively. The frequencies in other breast cancer susceptibility genes such as CHEK2 and ATM are lower in East Asian populations than that of European populations (8, 10).

Currently the genetic epidemiology of BC is mainly based on data from Caucasian populations (17). Being the largest non-European population, the Chinese population is further diversified across regions (18). Whether currently available genetic information can guide clinical practice in the Chinese population remains underexplored. To elucidate the landscape of germline mutations in Chinese BC patients, we retrospectively analyzed the clinical and genetic data from patients treated at the Department of Breast Oncology, Peking University Cancer Hospital from Jan. 2013 to Dec. 2019. Gene mutations, age of onset, family history, phenotype and clinical outcomes were analyzed.



Patients and Methods


Patients

We selected patients with advanced breast cancer treated at the Department of Breast Oncology, Peking University Cancer Hospital from Jan. 2013 to Dec. 2019, who according to the following inclusion criteria: 1) Received a diagnosis of pathologically-confirmed advanced breast cancer, 2) Did not receive any prior chemotherapy for metastatic disease; 3) Had at least one measurable lesion detected by imaging according to the Response Evaluation Criteria in Solid Tumors (RECIST) version 1.1; and 4) Had a performance status score of Eastern Cooperative Oncology Group (ECOG) =0, 1).

The study was approved by the ethics committee of Peking University Cancer Hospital (No. 2017KT40). Follow-up was routinely performed by regular inpatient, outpatient or telephone visit every 8-12 weeks. The last follow-up was March 31, 2020. Disease-free survival (DFS) was defined as the time from surgery to first recurrence or metastasis, or death from any cause. Overall survival (OS) was calculated as the date of diagnosis of breast cancer until the last follow up or date of death.



Next-Generation Sequencing (NGS)


DNA Extraction

Genomic DNA (gDNA) was extracted from peripheral blood mononuclear cells isolated from whole-blood samples. 250ng of gDNA was enzymatically fragmented to generate a main peak at ~250 bp and were further purified using AMPure XP beads as per the manufacturer’s instructions.

Forty nanograms of fragmented gDNA were subjected to library construction, including end-repair dA-tailing and adapter ligation. Ligated library fragments with appropriate adapters were amplified via PCR. The amplified DNA libraries were then checked using Bioanalyzer 2100, and samples with yields > 700 ng (up to 2ug) were proceeded to hybrid capture.



Library Preparation, Enrichment and NGS Sequencing

Library capture was conducted using Biotin-labeled DNA probes (Thermo Fisher Scientific, Weltham, MA, USA). The library was hybridized using a large 600-gene PredicineATLAS cancer panel (please see Appendix A for detailed gene list) overnight and captured on Dynabeads M-270 Streptavidin (Thermo Fisher Scientific, Weltham, MA, USA). The unbound fragments were washed away, and the enriched fragments were amplified via PCR amplification. For library preparation, the purified product was checked using a Bioanalyzer 2100 and loaded into a NovoSeq 6000 (Illumina, San Diego, CA, USA) for NGS using paired-end 2×150 bp sequencing kits.



NGS Sequencing Data Analysis

Data were analyzed using the Huidu in-house analysis pipeline, which starts from the raw sequencing database call files (BCL) and outputs the final mutation calls. Briefly, the pipeline first performed an adapter trim, barcode checking, and correction. Cleaned paired FASTQ files were aligned to human reference genome build hg19 using Burrows-Wheeler Aligner. Consensus bam files were then derived by merging paired-end reads originated from the same molecules (based on mapping location and unique molecular identifiers) as single strand fragments. Single strand fragments from the same double strand DNA molecules were further merged as double stranded for suppressing sequencing and PCR errors. NGS quality-checking was performed by examining the percentage of targeted regions with >50x unique consensus coverage. Samples with <95% regions having >50x unique coverage were deemed to be QC-failed.

Candidate variants, consisting of point mutations, small insertions and deletions, were identified using the inhouse developed pipeline across the targeted regions covered in the PredicineATLAS panel. Candidate variants with low base quality, mapping scores, and other quality metrics were filtered. Candidate variants in repeat regions were also excluded. Next, variants are classified into pathogenic, likely pathogenic, variant of uncertain significance, likely benign and benign according to the American College of Medical Genetics and Genomics and the Association for Molecular Pathology (ACMG/AMP) standards and guidelines. Pathogenic and likely pathogenic variants are considered as deleterious mutations. Variants annotated as benign or likely benign were filtered. Variants present in public databases of common germline variants, including 1000 genomes, ExAC, gnomAD, and KAVIAR, with population allele frequency >5% were also filtered unless they were annotated as pathologic or likely pathologic. Variants with allele frequency <15% were then further filtered out.




Statistical Analysis

Statistical analyses were carried out using R (http://www.r-project.org). Categorical data are presented as numbers and percentages and continuous data as medians and ranges. Fisher’s exact test was used for comparison of categorical variables. DFS, OS in association with gene alterations were estimated using the Kaplan–Meier method and statistical significance was calculated based on the log-rank test. A multivariate CoxPH regression model was also performed to adjust effects of clinical co-variables. All p values were two sided and P < 0.05 was considered to denote statistical significance.




Results


Survival Outcome in Association With Patient Clinical Characteristics

A total of 356 patients met the inclusion criteria and were enrolled in the study. Among them, 191 were diagnosed with HR+ HER2- disease by IHC; 99 with HER2+, and 66 with triple-negative breast cancer (TNBC). The clinical characteristics were summarized in Table 1. The median follow-up time was 52 months (range 4 – 356 months). The median age at the time of diagnosis of all the patients was 49, ranging from 21 to 87 years old. All patients relapsed and 60 patients died during the follow-up period. Disease-free survival (DFS) and overall survival (OS) were analyzed in this study. Overall, among the different IHC subtypes, HR+ patients showed the most favorable DFS, followed by Her2+, and TNBC subtypes. The HR+ subgroup of patients had a median DFS (mDFS, 50m) that was longer than HER2+ (32m) and TNBC (17m) (P<0.0001) (Figure 1A), whereas median OS was not reached for any of the subtypes yet (P<0.03) (Figure 1B). Higher tumor grade compared with lower grade was associated with worse mDFS (22 vs 41m; P=0.008, HR=1.45, 95% CI: 1.1-1.91) and OS (P=0.006, HR=2.24, 95% CI: 1.27-3.96) (Table 1 and Figures 1C, D). In addition, a higher number of axillary lymph node metastases was also associated with worse DFS (P = 0.01) (Figure 1E) and worse OS. Patients aged 30-40 had prolonged DFS compared to younger patients (48 vs 39 month; p=0.008, HR=0.45, 95% CI: 0.25-0.81) while older patients >50 years tended to have the worst DFS survival (Table 1)


Table 1 | Analysis of clinical parameters and survival outcome.






Figure 1 | Associations of clinical parameters with disease-free survival and overall survival. (A, B) Significantly different outcome shown among breast cancer IHC subtypes for disease-free survival (DFS) and overall survival (OS) respectively. (C, D) Significantly different outcome associated with tumor grade for DFS and OS respectively. (E, F) Significantly different outcome associated with lymph node groups for DFS and OS respectively.





Deleterious Mutational Landscape of Chinese Patients With Breast Cancer

In total, 3585 variants were identified in 356 patients. Among them, 87 variants that are classified as (likely) pathogenic mutations according to the American College of Medical Genetics and Genomics and the Association for Molecular Pathology (ACMG/AMP) standards and guidelines (deemed as deleterious mutations) were detected in 77 patients and were thus included in the downstream statistical analyses. As shown in Figures 2, 3A, the majority of them are nonsense (30) or frame-shift mutations (34), leading to early truncation of the corresponding proteins. Of these deleterious mutations, BRCA2 accounted for the highest proportion (20%), followed by BRCA1 (9%), ATM (6%), RAD50 (6%) and BARD1 (3%) (Figure 3B). The overall mutational landscape of the entire patient cohort revealed that 4.8% (17/356) patients carried BRCA2 mutations, and 2.2% (8/356) of the patients harbored BRCA1 mutations. Less than 2% of the patients carried deleterious mutations in other genes including ATM, RAD50, and BARD1 (Figure 3C).




Figure 2 | Distribution of 3851 variants detected in 356 germline samples.






Figure 3 | Overview of the identified pathogenic variants by PredicineATLAS panel. (A) Pie chart representing the variant classification of the pathogenic mutations. (B) Pie chart representing the overall distribution of the 87 detected pathogenic genes. (C) Heatmap representation of the top 20 detected pathogenic mutations across cancer subtype patients.





Association of Deleterious Mutations and Clinical Parameters

We explored associations between detected mutations and patients’ clinical parameters. While BRCA2 mutations were the most frequently detected germline mutations in this cohort, there was no significant difference among different IHC subtypes. In contrast, BRCA1 mutations tended to have higher occurrence rate among patients with triple-negative breast cancer (Figure 4A). No significant difference between subtypes was observed for the other genes. Notably, among young patients diagnosed with breast cancer below the age of 30, approximately 25% of them carried BRCA2 deleterious mutations and 6.2% of them harbored ATM mutations, significantly higher than in women diagnosed ≥ 40 years (P=0.002), (Table 2 and Figure 4B). Interestingly, there was no significant difference among different age groups for mutational prevalence of BRCA1 and other genes (Table 2).




Figure 4 | Distribution of deleterious mutations among different clinical subgroups for the selected genes. (A) Percent of deleterious variants detected in different IHC subtypes for a given gene. The top 10 most frequent mutated genes are shown. (B) Percent of deleterious variants detected in different age groups for a given gene. The top 10 most frequent mutated genes are shown. (C) Percent of deleterious variants detected in different tumor grade groups for each of the top 10 mutated genes. (D) Percent of deleterious variants detected in different family history groups for a given gene. The top 10 most frequent mutated genes are shown.




Table 2 | Comparison of genomic alterations between BRCA1/2 mutation carriers and noncarrier among different prognostic clinical variables.



BRCA1 tumors were more frequently grade 3 (P=0.03) as shown in (Table 2 and Figure 4C), and FANCD2 mutations were also found more frequently in high-grade tumors (Figure 4C). Interestingly, when reviewing patients with family history of cancers, we found that these patients were more likely to harbor hereditary deleterious mutations in genes involving in homologous recombination DNA repair pathways including BRCA1, BRCA2, CHEK2, BARD1, FANCC, FANCM, and RAD50 than patients without family history of cancer (Figure 4D and Table 2).

When further examining associations between various clinical variables and deleterious gene mutations within each cancer subtype, we found that BRCA2 mutations were more prevalent in patients in HR+, Her2- and TNBC subtype patients. Patients with family history of cancers were more likely to be BRCA1 carriers (Table 2).



Association of BRCA1/2 and DDR Deleterious Mutations With Clinical Outcome

BRCA 1/2 mutations were observed in 7.6% and 4.5% TNBC patients, respectively (Table 3). In this study, only 2 out of the 25 patients with BRCA1/2 mutation received platinum-containing adjuvant treatment. The DFS of one patient was 91m and another was 81m; and the mDFS of the rest 23 BRCA1/2 carriers was 35m (95%CI: 22-48, range 1-125m). Analysis revealed a trend of favorable overall survival for patients with BRCA1/2 deleterious mutations, especially for triple negative breast cancer patients, although this trend was not statistically significant. Interestingly, when taking account of other genes in DNA damage repair, mutations in DDR genes including BRCA, ATM, RAD50, FANCD2 and CHEK2 were associated with shorter DFS (mDFS 29 vs 40 m, p=0.02, Figure 5A).


Table 3 | Mutation rates of BRCA1/2 in different molecular subtypes and family history.






Figure 5 | (A) Significantly different outcome associated with DDR gene mutations for DFS. (B) Locations of deleterious BRCA1 mutations. (C) Locations of deleterious BRCA2 mutations.






Discussion

In this study, NGS was used to profile genomic DNA collected from real world Chinese patients diagnosed with advanced breast cancer in order to identify the presence of cancer-associated germline mutations. Our analysis detected 87 pathogenic or likely pathogenic germline mutations across 77 patients. The most frequently mutated genes were BRCA2 (4.8%) and BRCA1(2.2%), consistent with previous data reported for Asian populations. Xie et al. reported that the prevalence rate of BRCA1/2 gene mutations in breast cancer patients in the Chinese population was 5.3% overall (3.5% in BRCA2 and 1.8% in BRCA1) (4). Similar frequencies were also previously reported in unselected Japanese breast cancer patients, with BRCA2 mutations observed in 2.71%, and BRCA1 mutations observed in 1.45% of the patients (17). These rates are lower than that observed in Ashkenazi Jewish patients (11.1%) (5) and Arab patients (10.2%) (19). Most of these deleterious mutations were nonsense (30) or frameshift (34) mutations, leading to premature proteins. In keeping with previous reports by others, pathogenic mutations were more commonly nonsense and frameshift mutations but less frequently missense mutations (5, 8, 10). As previously reported, around 80% of (likely) pathogenic mutations generated a premature termination codon truncating the encoded protein and 10% were missense variants encoding a stable mutant protein (20). Missense mutations classified as pathogenic tend to occur in limited regions of the BRCA proteins, including the RING domain and tandem BRCT domain in BRCA1, or the OB folds and helical domain in BRCA2 (20). In this study, we also detected a pathogenic missense mutation in BRCA1 (p. Cys64Trp) located in the RING domain (Figure 5B), and a pathogenic missense mutation in BRCA2 (p.Arg2336His) located in the upstream region of the helical domain (Figure 5C). Thus, in keeping with previous reports, the pathogenic BRCA1/2 mutations identified in this study were mostly located within the functional domains of these genes.

In this patient cohort, BRCA1 mutations were significantly associated with the triple negative phenotype relative to other BC subtypes. BRCA2 mutations were also more frequent in the triple negative breast cancer and HR+ HER2- subtypes, although these trends were not significant. These findings are consistent with data reported by others showing that triple negative breast cancers had the highest prevalence of deleterious gene mutations among the four molecular breast cancer subgroups (4), and that mutation rates of BRCA1 and BRCA2 were higher in TNBC compared to other breast cancer subtypes (10). Due to lack of known targets, TNBC is treated primarily with chemotherapy and is associated with poor survival (5). TNBC is a heterogeneous subtype (21), which Shao et al. has further classified into four transcriptome-based subtypes: (1) luminal androgen receptor (LAR), (2) immunomodulatory, (3) basal-like immune-suppressed (BLIS), and (4) mesenchymal like (22). These four TNBC subtypes exhibit different responses to treatment and survival (22). BLIS patients have been characterized with higher HRD scores compared with patients of other subtypes and therefore might benefit from DNA-damaging agents (22). Xie et al. reported that the frequency of BRCA1/2 mutations in TNBC was 11.2%, with BRCA1 in 7.4% and BRCA2 in 3.8% of patients respectively (4). In another prior study, BRCA1-positive mutation status was also strongly associated with TNBC (8). Moreover, 66-70% of BRCA1 carriers develop TNBC compared to 19-23% of BRCA2 carriers and 24% of non-carriers (7, 21), while 76% of BRCA2 mutation carriers develop HR+ HER2- disease (7). PALB2, and FANCM gene mutations have also previously been reported in association with the TNBC phenotype (21). Thus, the observed enrichment of BRCA1/2 germline mutations in TNBC, and BRCA2 germline mutations in HR+ patients in the present study of Chinese patients is consistent with previously reported findings across other patient groups. No other significant associations were observed between BC subtypes and any other genes in this study.

BRCA1/2 mutation status was also associated with age in our study. The average age of the patient cohort was 48.8 years, and a high proportion of deleterious BRCA2 mutations (23.5%) was detected in patients under 30 years. This finding is in keeping with other studies reporting that breast cancer patients with early onset age (under 40 years) were more likely to harbor deleterious mutations in BRCA1/2 (6.4%) and other DNA repair genes (4.5%) than those diagnosed at the age of 40 or later (4, 9). Moreover, the onset age in BC patients with DNA repair gene mutations has been reported to be significantly younger than that of non‐carriers (9). Breast cancer patients carrying BRCA1 or BRCA2 germline mutations have a mean onset age of 40 and 43 years, respectively, and patients carrying PALB2 mutations have a mean onset age of 53 years (21). Thus, similar to other populations, BRCA1/2 mutations were more prevalent in younger patients in our Chinese cohort.

Our study also found that BRCA1 tumors are more frequently high-grade, in keeping with previous publications reporting BRCA1 mutation carriers had tumors characterized for high histological grade and higher proportion of Ki67-positive cells than noncarriers (7, 8). In contrast to a previous report showing that axillary node involvement was more frequent in BRCA2 carriers (7), in our study BRCA2 mutations were more frequently found in patients without lymph node metastasis (Table 2).

In the present study, patients with family history of cancers were also more likely to harbor BRCA1/2 mutations (7.7%/13.3%) than patients without family history (1.6%/5.3%). Xie et al. reported that the rate of BRCA1/2 mutations in patients with familial breast cancer was 18.1% (4, 9). Other studies have revealed that relative to other types of cancer, BC is more commonly associated with a positive family history, followed by ovarian, colorectal, gastric, and cervical cancer (10). In one study, the proportion of cancers associated with positive family histories was 22.0% for all cancers, 7.2% for breast cancer, and 6.5% for breast and/or ovarian cancer (8). Moreover, a Japanese study found that for breast cancer patients, the frequency of family history of different cancer types associated with hereditary breast cancer syndromes was: 11.8% breast, 1.2% ovary, 3.5% pancreas, 2.9% prostate, and 0.8% thyroid cancer (17). Thus, our observation that BRCA1/2 germline mutations are enriched in Chinese breast cancer patients with a positive family history of cancer is consistent with patterns observed in other studies.

For breast cancer patients, there are conflicting results regarding the prognostic and predictive value of BRCA1/2 germline mutations (7). In a large unselected Chinese population, BRCA1 mutation carriers had significantly worse disease-free survival and disease-specific survival than noncarriers, while no significant difference in survival was found between BRCA2 mutation carriers and non-carriers (4). Other studies showed that Her2- BC patients with BRCA1/2 mutation had improved survival due to better response to treatment (5, 6, 23). In this cohort, two patients harboring BRCA1/2 mutation treated with platinum-containing adjuvant treatment, and obtained longer DFS. Germline mutations in BRCA1/2 and other DNA repair genes are associated with an increased risk of breast, ovarian, prostate and/or pancreatic cancer (24). Germline heterozygous mutations affecting BRCA2 also significantly elevate the risk of cancers of the pancreas, male breast, prostate, and other tissues (20). BRCA1/2 mutation carriers with different cancers shows different survival outcomes. Among ovarian cancer patients, BRCA1 and especially BRCA2 carriers respond better than non-carriers to platinum-based chemotherapy and have prolonged survival (7, 21, 25). BRCA1/2 mutation carriers also benefit from PARP inhibitors, and our previous study demonstrated that fluzoparib, a PARP inhibitor, had antitumor activity in BC and ovarian cancer, particularly in BRCA1/2-mutated patients (26).

In the present study, we observed a trend of favorable overall survival for BRCA1/2 carriers, most notably in TNBC patients, although this trend was not statistically significant. However, DDR pathway deficiency, encompassing alterations in a wider index of DNA damage response genes was significantly associated with shorter DFS and OS in carriers. Common deleterious mutations in other DDR genes besides BRCA1/2 including ATM, RAD50 and BARD1were also detected. However, these deleterious mutations were only detected in less than 2% of these patients. Mutations of non-BRCA1/2 genes in the HRR, DNA damage response and mismatch repair pathways have been reported to have medium-to-high penetrance of hereditary BC (8, 10). The rate of non-BRCA1/2 gene repair mutations is 6.5% vs 8.5% (8, 10). Most of these mutations are found in the ATM, CHEK2, PALB2, TP53, RAD50, RAD51D and BRIP1 genes (9, 10). Non-BRCA1/2 cancer-associated gene (RAD51D, TP53, MSH6, CHEK2, APC, and FANCC) mutation rate is 2.7% in Ashkenazi Jewish (16). PALB2 (1.2%) was the most commonly mutated gene other than BRCA1/2 in Chinese breast cancer patients, while CHEK2 (2.82%), ATM (1.06%), and PALB2 (0.87%) were the most commonly mutated genes other than BRCA1/2 in European populations (8). In this study, the most commonly mutated genes other than BRCA1/2 were ATM (6%), RAD50 (6%) and BARD1 (3%), which was not completely consistent with the data previously reported. This may be explained by the low rate of the mutations in these genes and the relatively small number of patients in this study. We also found DDR deficiency patients had shorter DFS (Figure 5), and these patients may benefit from treatment with PARP inhibitors. Overall, it appears that BRCA1 carriers have poorer survival, probably due to the fact that they frequently develop TNBC, whereas BRCA2 germline mutations were not found to have a prognostic impact. This poses a warrant of genetic testing for TNBC patients where PARP inhibitors can be added to improve treatment efficacy and prolong the survival of patients with DDR mutations. Based on our knowledge and understanding from testing results of this study, we designed some clinical trials using PARP inhibitors. There is an ongoing phase I trial of “Niraparib Plus Anlotinib in Advanced Solid Tumors with Homologous Recombination Repair (HRR) Gene Mutations (NCT04764084)” (27); and a “phase I trial to evaluate the safety and efficacy of fluzoparib in combination with apatinib in patients with OC or BC (NCT03075462)” has been finished and the result will publish soon.



Limitations

i)We do not treat patients depend on the phenotype of the tumor varies whether it is a BRCA1 (mainly TNBC) or a BRCA2 (mainly HR positive) mutations; ii) Adjuvant therapy is a standard systemic treatment and depends on tumor stage, grade, and molecular subtypes, but not gene mutation variants.



Conclusions

This was a comprehensive cancer-related genetic profiling analysis of a large cohort of Chinese patients with advanced breast cancer. Distinct distributions of pathogenic mutations in breast cancer subtypes and differential associations between mutation status and clinical features were observed. The most prevalent germline mutations were BRCA1/2 mutations, followed by ATM and RAD50 mutations. Collectively, our findings confirm the presence of BRCA1/2 and other DDR gene alterations in a substantial proportion of the Chinese breast cancer population and demonstrate their association with poor patient outcomes. Our observations verify the enrichment of these alterations among cancer patients diagnosed with TNBC and high-grade tumors, as well as in patients who are diagnosed at young age and/or have a positive family history of cancer. Our findings support the use of mutational profiling of Chinese breast cancer patients with these characteristics to assess the presence of germline mutations in BRCA1/2 and other DDR pathway genes in order to identify patients who may benefit from treatment with PARP inhibitors.
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Background

Among women, breast cancer is the leading cause of cancer-related death worldwide. Estrogen receptor α-positive (ERα+) breast cancer accounts for 70% of all breast cancer subtypes. Although ERα+ breast cancer initially responds to estrogen deprivation or blockade, the emergence of resistance compels the use of more aggressive therapies. While ERα is a driver in ERα+ breast cancer, ERβ plays an inhibitory role in several different cancer types. To date, the lack of highly selective ERβ agonists without ERα activity has limited the exploration of ERβ activation as a strategy for ERα+ breast cancer.



Methods

We measured the expression levels of ESR1 and ESR2 genes in immortalized mammary epithelial cells and different breast cancer cell lines. The viability of ERα+ breast cancer cell lines upon treatments with specific ERβ agonists, including OSU-ERb-12 and LY500307, was assessed. The specificity of the ERβ agonists, OSU-ERb-12 and LY500307, was confirmed by reporter assays. The effects of  ERβ agonists on cell proliferation, cell cycle, apoptosis, colony formation, cell migration, and expression of tumor suppressor proteins were analyzed. The expression of ESR2 and genes containing ERE-AP1 composite response elements was examined in ERα+ human breast cancer samples to determine the correlation between ESR2 expression and overall survival and that of putative ESR2-regulated genes.



Results

In this study, we demonstrate the efficacy of highly selective ERβ agonists in ERα+ breast cancer cell lines and drug-resistant derivatives. ERβ agonists blocked cell proliferation, migration, and colony formation and induced apoptosis and S and/or G2/M cell-cycle arrest of ERα+ breast cancer cell lines. Also, increases in the expression of the key tumor suppressors FOXO1 and FOXO3a were noted. Importantly, the strong synergy between ERβ agonists and ERα antagonists suggested that the efficacy of ERβ agonists is maximized by combination with ERα blockade. Lastly, ESR2 (ERβ gene) expression was negatively correlated with ESR1 (ERα gene) and CCND1 RNA expression in human metastatic ERα+/HER2- breast cancer samples.



Conclusion

Our results demonstrate that highly selective ERβ agonists attenuate the viability of ERα+ breast cancer cell lines in vitro and suggest that this therapeutic strategy merits further evaluation for ERα+ breast cancer.





Keywords: ERα, ERβ, ER+ breast cancer, OSU-ERb-12, LY500307



Introduction

Breast cancer is the most prevalent cancer among women globally (1). It is the second leading cause of cancer-related deaths among women. In 2020, there were 2.3 million new breast cancer cases and 685,000 breast cancer deaths worldwide. Despite advances in diagnostic procedures and improved therapies, globally breast cancer-related morbidity and mortality are on the rise. The majority of breast cancer-related deaths occur due to distant metastasis. About 60% of metastatic breast cancers (MBC) are estrogen receptor α positive (ERα+) and human epidermal growth factor receptor 2 non-amplified (HER2-) (2). Although the development of effective estrogen blocking agents and cyclin-dependent kinase 4/6 inhibitors (CDK4/6i) has doubled progression-free survival on first-line therapy of ERα+-HER2- MBC, endocrine and CDK4/6i resistance emerges causing disease progression. Appropriate post-CDK4/6i therapy is poorly defined due to an incomplete understanding of CDK4/6i resistance, lack of effective agents, and lack of clinical trials that address this important issue.

While augmented signaling through receptor tyrosine kinases, NF1 loss, C-MYC amplification, and activating mutations in the ESR1 gene result in endocrine resistance, alterations of cell-cycle genes cause CDK4/6i resistance (3–5). Due to redundancy and cross talk in these signaling pathways, attempts to counter therapeutic resistance by focusing on a single target have been mostly ineffective. Thus, there is an urgent need to develop novel therapeutic options in the second-line setting to improve the survival and response rate for aggressive endocrine and CDK4/6i-resistant MBC.

Estrogens play a vital role in breast tumorigenesis (6, 7). The stimulatory or repressive effects of estrogens are mediated through ERα and ERβ, which are gene products of ESR1 and ESR2, respectively, and the G protein-coupled estrogen receptor (GPCR30). Unlike ERα, which has a clear oncogenic role in ERα+ breast cancer, ERβ behaves like a tumor suppressor in many biological contexts. For example, the tumor-suppressive function of ERβ was demonstrated through its knockdown in ERα+ cell lines, which induced an invasive phenotype, increased anchorage-dependent cell proliferation, and elevated EGF-R signaling (8). In the presence of estradiol, ERβ overexpression reduced cell proliferation in vitro and tumor formation in vivo, effects that are in contradistinction to those of ERα (9, 10). In these experiments, ERβ was also shown to repress the expression of oncogenes such as c-myc and cyclin D1 (CCND1).

The transcriptional function of ERs involves their binding to estrogen response elements (ERE) within promoters and enhancers (11). There are multiple conformations of EREs in the human genome, including consensus and non-consensus EREs, single and multiple binding sites, and composite EREs consisting of ERE half-sites in combination with binding sites for other transcription factors such as AP1 and Sp1. Although both the receptors exhibit transcriptional activity, they differ in their modes of transcriptional activation (12). Studies demonstrated that on certain E2-responsive ERE-AP-1 composite promoters, ERβ actually antagonizes the effects of ERα (13). For example, the CCND1 promoter, containing a cAMP response element and an AP-1-binding site, is activated by estradiol in cells overexpressing ERα but is inhibited in cells overexpressing ERβ (13).

ESR2 was discovered more than 20 years ago (14), but its clinical application was limited by the lack of highly selective ERβ agonists. Although both ERα and ERβ are activated by binding to endogenous estrogens, the development of several highly selective synthetic ligands of ERα or ERβ has uncovered new avenues to probe the function of these receptors (15).

In the present study, we investigated the effects of a novel and highly selective ERβ-selective agonist, OSU-ERb-12 (16), to inhibit preclinical models of ERα+ breast cancer and to counter endocrine and CDK4/6i resistance in vitro. We found that treatment of ERα+ breast cancer cell lines with OSU-ERb-12 caused apoptosis, induced cell-cycle arrest (at S phase), and decreased cell proliferation, colony formation, and cell migration. FOXO1 and FOXO3a protein expression was significantly increased in cells treated with OSU-ERb-12, a potential mechanism for its tumor-suppressive effects (17).



Materials and Methods


Chemicals, Drugs, Plasmids, Antibodies, Primers, and Synthesis of MCSR-18-006

OSU-ERb-12 was synthesized in the Drug Development Institute (DDI) at OSU according to the procedure outlined before (16). LY500307 was also obtained from DDI, OSU. AC186 (cat# 5053), WAY200076 (cat# 3366), diarylpropionitrile (DPN; cat# 1494), 4-hydroxy-tamoxifen (Tam; cat# 3412/10), fulvestrant (Fas; cat# 10-471-0), and 1,3-bis(4-hydroxyphenyl)-4-methyl-5-[4-(2-piperidinylethoxy)phenol]-1H-pyrazoledihydro-chloride (MPP; cat# 1991) were purchased from Tocris Bioscience (Bristol, UK). Elacestrant (RAD1901; cat# S9629) was purchased from Selleckchem (Houston, TX, USA). Abemaciclib (LY2835219; cat# 17740) was obtained from Cayman Chemical (Ann Arbor, MI, USA). Stock solutions (10 mmol/l) of the inhibitors were prepared in DMSO. CellTiter-Glo reagent (cat# G7570) and Dual-Luciferase Assay reagent (cat# E1960) were purchased from Promega Corporation (Madison, WI, USA). Lipofectamine 3000 was obtained from Thermo Fisher Scientific (Waltham, MA, USA).

pRLTK plasmid was obtained from Promega. 3XERE TATA luc (luciferase reporter that contained three copies of vitellogenin estrogen response element) was a kind gift from Donald McDonnell (Addgene plasmid # 11354; http://n2t.net/addgene: 11354; RRID: Addgene_11354). Plasmids pcDNA3 (OHu23619C; pcDNA3.1+: RRID: Addgene_10842), ERβ (OHu25562C; pcDNA3.1+), c-Flag pcDNA3 (OHu23619D; pcDNA3.1+/C-(K) DYK), c-Flag ERα (OHu26586D; pcDNA3.1+/C-(K) DYK), and c-Flag ERβ (OHu25562D; pcDNA3.1+/C-(K) DYK) were obtained from GenScript (Piscataway, NJ, USA).

Antibodies to ERα (D8H8; 8644), FOXO1 (D7C1H; cat# 14952, RRID : AB_ 2722487), FOXO3a (75D8; cat# 2497), PARP (cat# 9542, RRID : AB_2160739), cleaved PARP (Asp24, D64E10; cat# 5625, RRID : AB_10699459), caspase-3 (8G10; cat# 9665, RRID : AB_2069872), cleaved caspase-3 (D175; cat# 9664, RRID : AB_2070042), caspase-7 (cat# 9492, RRID : AB_2228313), cleaved caspase-7 (asp198, D6H1; cat# 8433, RRID : AB_11178377), and GAPDH (D16H11; cat# 8884, RRID : AB_11129865) were obtained from Cell Signaling Technology (Danvers, MA, USA). Antibodies against ERβ (clone 68-4; cat# 05-824) and M2 Flag (cat# F1804) were purchased from Sigma-Aldrich (St. Louis, MO, USA).

The following primers were used for the corresponding mRNAs. ESR2 full length: forward (5′-CTCCAGATCTTGTTCTGGACAGGGAT-3′), reverse (5′-GTTGAGCAGATGTTCCATGCCCTTGTTA-3′); ESR2 all isoforms: forward (5′-ACACACCTTACCTGTAAACAGAGAG-3′), reverse (5′-GGGAGCCACACTTCACCATTCC-3′); ESR1: forward (5′-CCGCCGGCATTCTACAGGCC-3′), reverse (5′-GAAGAAGGCCTTG CAGCCCT-3′); GAPDH: forward (5′-GTCGTATTGGGCGCCTGGTC-3′), reverse (5′-TT TGGAGGGATCTCGCTCCT-3′).

1H-NMR spectra were recorded using a Bruker AV300NMR, AVIII400HD NMR spectrometer or a DRX400 NMR spectrometer at The Ohio State University College of Pharmacy. Chemical shifts (δ) are specified in ppm from chemical reference shifts for internal deuterated chloroform (CDCl3) set to 7.26 ppm. Coupling constants are defined in Hz. Mass spectra were obtained using an Advion Expression Model S Compact Mass Spectrometer equipped with an APCI source and TLC plate express or using a Thermo LTQ Orbitrap mass spectrometer. For carborane-containing compounds, the obtained mass resembling the most intense peak of the theoretical isotopic pattern was described. Measured patterns corresponded with calculated patterns. Unless otherwise noted, all reactions were carried out under argon atmosphere using commercially available reagents and solvents. Details of the procedure for the synthesis of MCSR-18-006 are provided in Supplemental Data.



Cell Culture, Cell Viability, and Generation of Resistance

Immortal mammary epithelial cells MCF10A (ATCC Cat# CRL-10317, RRID : CVCL_0598) and breast cancer cell lines MCF7 (ATCC HTB-22), T47D (ATCC HTB-133; NCI-DTP Cat# T-47D, RRID : CVCL_0553), ZR-75-1 (ATCC CRL-1500), MDA-MB 231 (ATCC HTB-26, RRID : CVCL_0062), MDA-MB 468 (ATCC HTB-132, RRID : CVCL_0419), and HEK-293T (ATCC Cat# CRL-3216, RRID : CVCL_0063) were obtained from ATCC. All the cells were grown according to the supplier’s recommendation in a humidified atmosphere containing 5% CO2 at 37°C. Cells were passaged and media changed every 2 days. Mycoplasma contamination of the cells were checked monthly using the MycoAlert Plus Mycoplasma Detection Kit (cat# LT07-703) (Lonza, Walkersville, MD, USA) following the manufacturer’s protocol. For routine experiments, parental and drug-resistant cells of MCF7 and T47D were cultured in phenol red-free basal medium (DMEM) media, containing charcoal-stripped fetal bovine serum (10%), L-glutamine (2 mM), Na-pyruvate (1 mM), penicillin (100 units), and streptomycin (100 units).

Resistant MCF7 (MCF7-TamR and MCF7-FasR) cells were gifts from Dr. Kenneth Nephew (18). In addition, the MCF7 cell line that overexpresses CDK6 (MCF7-CDK6 O/E), which has previously been described and is resistant to abemaciclib, was a gift from Sarat Chandarlapaty, Memorial Sloan Kettering Cancer Center (19). T47D cells were treated at gradually increasing concentrations with 4-hydroxy-tamoxifen (Tam), fulvestrant/Faslodex (Fas; estrogen receptor antagonist) or abemaciclib (cyclin-dependent kinase 4/6 inhibitor; CDK4/6i) to generate resistant cell lines (T47D-TamR, T47D-FasR, and T47D-CDK4/6iR). Similarly, MCF7 cells were treated with increasing concentrations of abemaciclib to generate MCF7-CDK4/6iR cells. Control cells were treated with the vehicle DMSO. The starting concentrations of the drugs ranged from 25 to 50 nmol/l and increased stepwise every 2–3 weeks. To evaluate the development of resistance, cells (both control and drug-treated) were examined for viability every 4 to 6 weeks with the CellTiter-Glo assay (Promega). Unless stated otherwise, cell viability was measured in quadruplicates by seeding the cells (2,000 to 3,000 per well in 96-well plate), followed by addition of Tam, Fas, or abemaciclib at different dilutions or DMSO (vehicle control) after 24 h. Seventy-two hours later, luminescence was measured after the addition of CellTiter-Glo reagent following the manufacturer’s protocol. Cell viability was calculated as percentage relative to vehicle controls (100%). Sigmoidal dose-response curves were plotted using GraphPad Prism software (GraphPad Prism, RRID: SCR_002798). Upon manifesting resistance, cells were maintained with continued drug exposure at concentrations to which they were resistant.

Immortal mammary epithelial MCF10A cells as well as MCF7 and T47D breast cancer (parental and respective resistant) cells were allowed to grow overnight followed by treatment with OSU-ERb-12, LY500307, DPN (diarylpropionitrile), AC186, and WAY200070 (WAY) at varying concentrations as indicated. The fresh medium and drugs were replaced every alternate day. Cell viability was assessed after 7 days of initial drug exposure using CellTiter-Glo Luminescent Cell Viability Assay, and the viability curves were plotted as mentioned above.



Reverse Transcription Polymerase Chain Reaction, Western Blot Analysis, Estrogen Response Element Luciferase Reporter Assays, and Messenger RNA Expression Analysis of Patient Samples

Total RNA was isolated from cells using TRIzol reagent (cat# 15596026) (Invitrogen, Carlsbad, CA) following the manufacturer’s instructions, treated with DNase 1, and reverse transcribed into cDNA using the high-capacity cDNA reverse transcription kit (Applied Biosystems, Foster City, CA). Real-time RT-PCR (qRT-PCR) was performed using 0.01–0.05μg cDNA with SYBR Green Master Mix (Applied Biosystems, Foster City, CA, USA) in an Applied Biosystems thermocycler. The fold difference in target gene mRNA levels normalized to GAPDH was calculated using the ΔΔCT method. Semiquantitative PCR was performed using the same set of primers as in qRT-PCR and visualized after electrophoretic separation to confirm the identity of the amplicons. The primers were designed spanning the exon–exon junction to avoid non-specific amplification of genes.

Whole-cell extracts were prepared in cell lysis buffer (50 mM Tris pH 8.1, 10 mM EDTA, 1% SDS, and 1% IGEPAL CA-630; cat# 18896, Sigma-Aldrich) followed by sonication and centrifugation at 14,000 rpm for 10 min at 4°C. Protein concentrations in the extracts were measured using the bicinchoninic acid (BCA) method using BSA as the standard. Equivalent amounts of protein from whole-cell lysates were mixed with 4× Laemmli’s buffer, boiled for 5 min at 97°C, separated by SDS-polyacrylamide (10%) gel electrophoresis (Thermo Fisher Scientific), transferred to nitrocellulose membranes (GE Healthcare, Chicago, IL), and probed with the antibodies described above. Membranes were incubated overnight at 4°C with the primary antibody, washed, and blotted for an hour with secondary anti-mouse/rabbit (HRP-conjugated) antibodies. The enhanced chemiluminescence substrate detection system (Millipore-Sigma) was applied to detect bound antibody complexes and visualized by autoradiography. The loading control was GAPDH. The intensity of the protein bands was quantified using Image Studio (LiCor).

HEK293T cells (7.5 × 104/well) seeded in a 24-well plate were transfected for 12 h with ERE-Luc, pRLTK (internal control, Promega), and c-Flag pcDNA3/ERα/ERβ plasmids using Lipofectamine 3000 (Thermo Fisher Scientific) following the manufacturer’s protocol. The media were changed with phenol-red free DMEM containing 10% charcoal-stripped FBS and insulin (6 ng/ml). Six hours later, cells were treated with OSU-ERb-12 or LY500307 at varying concentrations as indicated. DMSO was used as a vehicle control. Luciferase activity was assessed after 72 h of transfection using Dual-Luciferase Assay System (Promega).

Patients treated at The Ohio State University Comprehensive Cancer Center – Arthur G. James Cancer Hospital and Richard J. Solove Research Institute since 1998 with a diagnosis of metastatic ERα+ and HER2-negative (ERα+/HER2-) breast cancer and confirmed RNA sequencing analysis were eligible for this retrospective clinical correlation. Following IRB approval (OSU protocol No: 2018C0211), the list of patients fulfilling the previous criteria was obtained from the Ohio State University Medical Center and James Cancer Registry. 118 medical record were reviewed, and 37 patients had RNA sequencing performed through the Oncology Research Information Exchange Network (ORIEN) and were deemed eligible.

Data for the 37 eligible patients were initially queried and obtained from The Ohio State University Information Warehouse and from ORIEN-AVATAR and uploaded into REDCap (REDCap, RRID : SCR_003445). Data missing from the initial query were populated using a manual review of each patient’s electronic medical record.

Total RNA was sequenced with minimum 20 million reads and >65% reads aligned identified for subsequent processing to transcript abundance values (FKPM; fragments per kilobase per million reads) following the ORIEN standard pipeline: STAR aligner (STAR, RRID : SCR_004463), Star-fusion, and RSEM (RSEM, RRID : SCR_013027) with genome GRCh38 alignment/annotation.



Cell Proliferation, Cell Cycle Analysis, Apoptosis, Clonogenic Survival, and Cell Migration Assays

MCF7 and T47D cells were plated at 5 × 105 cells per plate in phenol red-free complete DMEM supplemented with charcoal-stripped FBS. Twenty-four hours later, the cells were treated for 72 h with OSU-ERb-12 (0.5 and 10 µmol/l) or LY500307 (MCF7: 0.5 and 3 µmol/l; T47D: 0.5 and 7 µmol/l). Differing concentrations were used to avoid complete loss of viability. DMSO and fulvestrant (0.5 µmol/l) were used as negative and positive controls, respectively. The cells were harvested and stained as per the protocol for the Click-iT EdU Alexa Fluor 647 Kit (Invitrogen; cat# C10424). The stained cells were analyzed via flow cytometry (BD FACSCalibur Flow Cytometer).

For cell-cycle analysis, MCF7 and T47D cells were plated and treated for 72 h with OSU-ERb-12 or LY500307 at the indicated concentrations. DMSO was used as vehicle control. The cells were harvested, fixed in 70% ethanol, and stained with propidium iodide. The stained cells were analyzed via flow cytometry on a BD FACSCalibur Flow Cytometer.

Breast cancer MCF-7 and T47D cells were plated and treated 24 h later with OSU-ERb-12 (0.5 and 10 µmol/l) or LY500307 (MCF7: 0.5 and 3 µmol/l; T47D: 0.5 and 7 µmol/l) for 48 h. Cells were collected and processed according to the manufacturer (TUNEL Assay Kit - BrdU-Red (cat# ab66110) (Abcam, Cambridge, MA, USA). Processed breast cancer cells were analyzed on a BD FACSCalibur Flow Cytometer to determine the percentage of apoptotic cells in each treatment group.

MCF7 and T47D cells were plated in 60-mm dishes (~1,000–2,000 cells). Twenty-four hours after plating, cells were treated with OSU-ERb-12, LY500307, or vehicle (DMSO) for 7–10 days. The fresh medium and drugs were replaced every other day. Next, cell colonies were washed with PBS, fixed with paraformaldehyde (4%), and stained with crystal violet solution (0.05%). Colonies were then washed with water and air-dried. Visible colonies were counted manually.

For cell migration assay, MCF7 cells were seeded, treated with DMSO (control), OSU-ERb-12, or LY500307 and allowed to grow until confluence. Confluent monolayers were scratched using a sterile pipette tip, washed, and incubated in complete medium containing DMSO or the drugs. Plates with similar scratch were selected by examination under microscope and used for further analysis. Images were captured immediately after scratch (0 h) and 24 h post-scratch. Migration of cells from the edge of the groove toward the center was monitored at 24 h (×40 magnification). To calculate the fraction of the gap covered by the cells in a 24-h period, the width of the scratch was measured at 0 h and at 24 h. The mean fraction of the filled area was determined, and data presented were normalized to the control cells.



Statistical and Bioinformatics Analyses

Viability, proliferation, apoptosis, and cellular mRNA expression were analyzed using student’s t-test. For each dose, linear mixed models were fit for log-transformed viability with fixed effects for regimen (4-hydroxy-tamoxifen, OSU-ERb-12, and 4-hydroxy-tamoxifen+OSU-ERb-12) and random effects accounting for the within-batch correlation of replicates. Predictions and standard errors for viability of the 4-hydroxy-tamoxifen+OSU-ERb-12 combination under a hypothesized Bliss independence model were computed from estimated mean viabilities under 4-hydroxy-tamoxifen and OSU-ERb-12 alone via the formula Log_Viability (Bliss) = Log_Viability(4-hydroxy-tamoxifen) + Log_Viability (OSU-ERb-12). Interaction at each dose was quantified as the ratio of the predicted viability under the Bliss independence model over the estimated viability under the tested 4-hydroxy-tamoxifen + OSU-ERb-12 combination, with ratios >1 indicating synergy.

Statistical analysis was performed using the R statistical software, including the “survival” package. Summary statistics were computed for demographic variables and expression levels (FPKM), and Spearman correlation coefficients were computed for ESR1 (ERα) and ESR2 (ERβ) versus other expression levels. Cox regression was used to calculate the association between overall survival and log2(1 + FPKM) for ESR1 and ESR2 expression levels.




Results


Selection for Drug-Resistant MCF7 and T47D Cell Lines

We cultured the T47D cell line in the presence of DMSO (control), 4-hydroxy-tamoxifen, fulvestrant, or the CDK4/6i abemaciclib and MCF7 with abemaciclib, at gradually increasing concentrations to select for acquired resistance. With extended exposure of about 8 months, both the cell lines demonstrated decreased sensitivity to the drugs compared with the corresponding parental controls (Supplemental Figure 1). As shown in Supplemental Figure 1, the resistant cells maintained in drugs containing media and, after several passages over 8 months, demonstrated about 15–110-fold higher IC50 values compared with the corresponding control (DMSO) cells. However, in some cases (MCF7-TamR and T47D-TamR) even at high concentrations of the drugs, we did not observe a loss of viability and, therefore, we could not calculate an IC50 value. Three resistant lines T47D-TamR, T47D-FasR, and, T47D-abemaciclibR cells were maintained in culture with the corresponding drugs at 0.5 μmol/l, and MCF7-abemaciclibR was maintained in abemaciclib at 0.2 μmol/l. Chemical structures of the drugs/inhibitors used in this study are provided in Supplemental Figure 2. Lack of activation of the ERE-luciferase reporter vector by overexpressed ERα and ERβ proteins in 293T cells treated with the inactive chemical analog of OSU-ERb-12 and MCSR-18-006, is shown in Supplemental Figure 3. The lack of binding affinity of MCSR-18-006 for ERα and ERβ proteins as measured by radiolabeled estradiol competition binding assays is shown in Supplemental Figure 4.



ESR2 and ESR1 Genes and Their Protein Products Are Differentially Expressed in Various Breast Cancer Cell Lines, and ERβ Agonists Significantly Enhance ERβ-Driven ERE-Luciferase Promoter Activity

We assessed the basal expression levels of ESR2 and ESR1 in three ERα+ breast cancer cell lines (MCF7, T47D, and ZR-75-1) and the derivative endocrine-resistant and CDK4/6i-resistant lines (of MCF7 and T47D) and compared them with those of immortalized mammary epithelial cells (MCF10A) (Figure 1) using primers that selectively amplified only the full-length, canonical ESR2 transcript or that amplified all known splice variants of ESR2 (Supplemental Figure 5A), as well as primers that specifically amplify full-length ESR1. The p-values and 95% confidence interval (CI) of corresponding expression data are shown in Supplemental Table 1. qRT-PCR data demonstrated a comparable expression of full-length ESR2 in MCF7 and MCF10A lines (Figure 1A, Supplemental Table 1). While MCF7-FasR and MCF7-CDK6-O/E cells displayed no significant increase in full-length ESR2 expression relative to the control MCF10A cells, MCF7-TamR and MCF7-CDK4/6iR cells showed 3.6-fold (p = 0.0035) and 6-fold (p = 0.0001) higher expression levels, respectively (Figure 1A and Supplemental Table 1). On the other hand, T47D exhibited a 4.8-fold (p = 0.0265) higher expression of ESR2 compared to MCF10A cells. A significantly higher expression of full-length ESR2 in T47D-TamR (5.1-fold, p = 0.0009) and T47D-CDK4/6iR (5.1-fold, p = 0.0075) compared to MCF10A was noted (Figure 1A and Supplemental Table 1). ZR-75-1 cells displayed the highest level of full-length ESR2 RNA expression (~19-fold higher than MCF10A; p < 0.01) (Figure 1A and Supplemental Table 1). Both the TNBC lines had a significantly higher expression of full-length ESR2 compared with MCF10A (MDA-MB-231: 4.4-fold, p < 0.05; MDA-MB-468: 5.2-fold, p < 0.01), and these levels were comparable to those in the ERα+ MCF7 and T47D breast cancer cell lines.




Figure 1 | (A–C) ESR1 and ESR2 genes are differentially expressed in ERα+ parental, respective endocrine-resistant, and triple-negative breast cancer cell lines. (A, B) Expression of ESR1 and ESR2 in immortalized mammary MCF10A, transformed ERα+ MCF7 and T47D, endocrine-resistant MCF7-TamR, MCF7-FasR, T47D-TamR, and T47D-FasR, CDK6 overexpressing MCF7 (MCF7-CDK6 O/E), CDK4/6 inhibitor-resistant MCF7 (MCF7-CDK4/6iR) and T47D (T47D-CDK4/6iR), ZR-75-1, and triple-negative breast cancer (TNBC; MDA-MB231, MDA-MB-468, Hs578t) cell lines. Total RNA was isolated from the established cell lines using TRIzol. The expression of each gene was assessed by quantitative RT-PCR (qRT-PCR) performed with the DNase-treated RNA samples using gene-specific primers spanning exon–exon junctions that include large introns in the corresponding genomic sequence to avoid genomic DNA amplification. Gene expression was calculated by the ΔΔCt method using GAPDH as an internal control. The expression of each gene is shown as the fold change relative to MCF10A. All reactions were done in triplicate, and the experiment was repeated twice. Data were plotted as mean ± SD. (A) ESR2 genes; full length (left) and all isoforms (right). (B) ESR1. (C) Whole-cell lysates were extracted, and immunoblot analyses were performed for ERβ and GAPDH (loading control) (upper panel), and ERα and GAPDH (lower panel). The intensity of the protein bands was quantified using Image Studio (LiCor) software. Numbers under the lanes of each cell line represent normalized values of the corresponding protein band (ERβ or ERα). The normalized band intensity of MCF10A was considered as 1. Immunoblot analyses were repeated twice with corresponding biological replicates. Reproducible results were obtained in each independent experiment. GAPDH, glyceraldehyde-3-phosphate dehydrogenase. For ERβ (upper panel), two different exposures were provided; low exp.= low exposure; high exp.= higher exposure of the blot. (D) ERE-luciferase-driven promoter activity upon treatment with selective ERβ agonists is significantly higher in ectopically expressing cells with ERβ compared to that of ERα. HEK293T cells were transfected with c-Flag pcDNA3 (vector control), c-Flag ERα or c-Flag ERβ in combination with ERE-Luciferase (reporter) and TK-Renilla (pRLTK; internal control) plasmids (as described in Materials and Methods). Forty-eight hours after treatment of the cells with ERβ-specific agonists Renilla and Firefly, luciferase activities were measured using the dual-luciferase reporter assay system. Firefly luciferase was normalized to Renilla Luciferase. Treatment with: OSU-ERb-12 (0–10 µmol/l) (left) and LY500307 (0–10 µmol/l) (middle). Each assay was performed in triplicate with three experimental replicates (mean ± SD, *p < 0.05, **p < 0.01). The right panel shows equal expressions of ERα and ERβ as determined by Western blot analysis using the anti-flag antibody. Intensity of Flag-ERα/ERβ was normalized to GAPDH. The numbers under the corresponding protein band represent normalized values of the corresponding protein band intensity.



When we measured expression levels using primers that amplified all the splice isoforms of ESR2, the expression levels were significantly higher than MCF10A in most of the cells tested except MCF7, MCF7-FasR, and the TNBC line MDA-MB-468 (Figure 1A and Supplemental Table 1). About 5,000 (p < 0.05) and 12,000-fold (p < 0.05) increased ESR1 expression was noted in MCF7 and T47D cells, respectively, compared to MCF10A (Figure 1B and Supplemental Table 1).

To check the specificity of the primers to amplify the correct PCR products, we performed agarose gel electrophoresis with the samples of qRT-PCR. Our data showed a single band (Supplemental Figure 5B) with correct PCR products that were confirmed by sequencing.

Next, we performed Western blot analyses to evaluate the expression of full-length ERβ and ERα proteins with the cell lysates (Figure 1C). We tested antibodies raised against ERβ from several different sources including Developmental Studies Hybridoma Bank (CWK-F12), Invitrogen (PPZ0506), and Sigma (clone 68-4). Of these tested antibodies while CWK-F12 and PPZ0506 were specific but only sensitive to the overexpressed (positive control) ERβ protein, the antibody from Sigma was specific as well as sensitive to ERβ protein expressed at endogenous levels. As shown in Figure 1C (upper panel), all the parental and resistant ERα+ cell lines, TNBC lines, and immortalized mammary epithelial cells expressed full-length ERβ. As expected, our data demonstrated that all the ERα+ parental cell lines but none of the TNBC cell lines expressed ERα protein. MCF7-TamR cells expressed more ERα protein than the parental MCF7 cells while MCF7-FasR had no detectable ERα expression. Similarly, T47D-FasR and T47D-CDK4/6iR cells had a lower expression of ERα than the parental T47D cells.

In summary, full-length ERβ mRNA and protein is expressed in ERα+ breast cancer cell lines at levels that are comparable to expression levels in TNBC cell lines, and its expression is preserved in all the resistant derivative cell lines.

To determine the specificity of ERβ agonists, we treated HEK293T cells with OSU-ERb-12 or LY500307 (known selective ERβ agonist) at increasing concentrations following co-transfection with plasmid 3XERE TATA luc, pRLTK, FLAG-ERα, or FLAG-ERβ (please see Materials and Methods for details) and measured luciferase reporter activity (Figure 1D). The expression of FLAG-ERα and FLAG-ERβ proteins was similar as measured by immunoblot for FLAG performed on lysates from the vehicle-treated 293T cells transfected with the corresponding expression plasmids (Figure 1D, right panel). Comparison of the induction of luciferase activity demonstrated that ERα exhibited full activity in the presence of 30 nmol/l OSU-ERb-12 and 10 nmol/l LY500307 treatment. Our data showed that luciferase activation by OSU-ERb-12 was significantly increased in the ERβ-expressing cells as compared to those that expressed ERα. For example, at 30 nmol/l of OSU-ERb-12 there was a ~4-fold (p < 0.05) and ~40-fold (p < 0.05) increase in luciferase activity in ERα and ERβ transfected cells, respectively, compared to their corresponding vehicle-treated cells (Figure 1D, left panel). There was 10-fold (p = 0.0059) higher ERE-LUC activity in ERβ-overexpressing cells compared to that of ERα by OSU-ERb-12 at 30 nmol/l (Supplemental Table 2). Similarly, for LY500307 at 10 nmol/l there was 2.1-fold (maximum induction; p < 0.05) activation by ERα and 84-fold (p < 0.05) activation by ERβ compared to the corresponding vehicle-treated samples (Figure 1D central panel, Supplemental Table 2). At this concentration of LY500307, ERβ demonstrated 40-fold higher activity (p = 0.0038) compared to ERα.



ERβ Agonists Are Cytotoxic to ERα+ Breast Cancer Cell Lines and They Synergize With ERα+ Antagonists

Next, we assessed the viability of parental, endocrine-resistant, CDK4/6i-R MCF7 and T47D, and MCF7-CDK6 O/E cell lines following treatment with ERβ agonists OSU-ERb-12 and LY500307 (Figure 2 and Supplemental Table 3). We assessed cell viability after 7 days of initial drug exposure using CellTiter-Glo Luminescent Cell Viability Assay. This duration is consistent with that used for toxicity assays with other endocrine agents such as fulvestrant (20, 21). We compared the viability of the drug-treated transformed cell lines to that of MCF10A cells. The IC50 values for T47D cells (OSU-ERb-12: 10.43 μmol/l—Figure 2C; LY500307: 7.29 μmol/l—Figure 2D), tamoxifen- and fulvestrant-resistant MCF7 cells, tamoxifen- and fulvestrant-resistant T47D cells, CDK6-overexpressing MCF7 cells, abemaciclib-resistant MCF7 cells, and abemaciclib-resistant T47D cells were significantly lower than that of MCF10A cells (OSU-ERb-12: 13.96 μmol/l; LY500307: 30.53 μmol/l; Figure 2 and Supplemental Table 3). Compared to the parental MCF7 cell line, all the resistant lines except MCF7-CDK6 O/E had significantly lower IC50 values for OSU-ERb-12 (Figure 2A). Similarly, all three resistant T47D lines displayed significantly higher sensitivity toward OSU-ERb-12 compared to their parental counterpart (Figure 2C and Supplemental Table 3).




Figure 2 | Selective ERβ agonists demonstrate significant cytotoxicity in ERα+ parental and respective endocrine-resistant breast cancer cell lines. Cytotoxicity assays were performed on immortalized MCF10A, ER-positive MCF7 and T47D, endocrine-resistant MCF7 and T47D, CDK4/6 inhibitor-resistant MCF7 and T47D, and CDK6 overexpressing MCF7 (MCF7-CDK6 O/E) cells. Viable cells were measured after 7 days of treatment with DMSO (control) or the drugs at the indicated concentrations using CellTiterGlo assay. The percentage of viable cells is shown relative to DMSO vehicle-treated controls (mean ± SD, *p < 0.05, **p < 0.01). Assays were performed in quadruplicates (three experimental replicates). Cell viability assay performed after treatment with (A, C) OSU-ERb-12 and (B, D) LY500307. TamR, tamoxifen resistant; FasR, fulvestrant resistant; CDK6 O/E, CDK6 overexpressing; CDK4/6iR, CDK4/6 inhibitor resistant; MPP, methyl-piperidino-pyrazole.



Despite a high degree of selectivity, we saw some activation of ERα by both ERβ agonists in our reporter assay (Figure 1D). We also observed an increase in viability of ERα+ breast cancer cell lines when exposed to low concentrations of both ERβ agonists. We hypothesized that combining ERβ agonists with an ERα antagonist would increase their activity and eliminate their stimulatory effects at low concentrations. We tested several ERα antagonists, namely, 4-hydroxy-tamoxifen (selective estrogen receptor modulator), fulvestrant, elacestrant (both selective estrogen receptor degraders/SERDs), and MPP (selective ERα antagonist), at concentrations that fully block ERα, in combination with OSU-ERb-12. As shown in Figures 3A, B, in T47D cells, all these ERα antagonists caused a significant reduction in the IC50 of OSU-ERb-12 and eliminated its stimulatory effects at low concentrations. Of the tested drugs, 4-hydroxy-tamoxifen, when used at a concentration of 0.5 μmol/l, displayed the highest efficacy leading to the reduction of IC50 for OSU-ERb-12 to 1 μmol/l from 14.10 μmol/l (Figure 3A and Supplemental Table 4). We further analyzed the validity of the combination treatment of OSU-ERb-12 and 4-hydroxy-tamoxifen using the Bliss independence model (please see Materials and Methods for details). Our data demonstrated a significant dose-response with synergy (Figure 3C and Supplemental Table 4). There was evidence of synergy (the ratio being 1 or above) at all doses for the combination of OSU-ERb-12+Tam. There was no evidence of antagonism at any dose.




Figure 3 | (A–C) Combination treatments with selective ERβ agonists and ERα antagonists demonstrate significant cytotoxicity with reduction in the IC50 of ERα+ breast cancer cell lines. (A) T47D treated with OSU-ERb-12 alone and combination with 4-hydroxy tamoxifen, fulvestrant, elacastrant, or MPP or (B) OSU-ERb-12 alone, 4-hydroxy tamoxifen alone, and OSU-ERb-12 in combination with 4-hydroxy tamoxifen. (C) Linear mixed models were fit for viability versus regimen for each dose, with random effects accounting for within-batch correlation. Bliss independence model predictions are products of fitted values for 4-hydroxy tamoxifen and OSU-ERb-12. Error bars are 95% confidence intervals. (Left) The ratio of predicted viabilities (Bliss independence/combination 4-hydroxy tamoxifen + OSU-ERb-12) quantifies interaction, with ratios >1 indicating synergy. Error bars are 95% confidence intervals (right). (D) T47D treated with OSU-ERb-12 or MCSR-18-006 (left), and combination of OSU-ERb-12/MCSR-18-006 with 4-hydroxy tamoxifen (right). Viable cells were measured after 7 days of treatment with DMSO (control) or the drugs at the indicated concentrations using CellTiterGlo assay. The percentage of viable cells is shown relative to DMSO vehicle-treated controls (mean ± SD, *p < 0.05, **p < 0.01). Assays were performed in quadruplicates (three experimental replicates).



We next determined whether OSU-ERb-12 effects are specifically mediated by the ERβ receptor by comparing the OSU-ERb-12-induced decreases in cell viability to that of an inactive chemical analog MCSR-18-006 that differs at two atoms from OSU-ERb-12 (Supplemental Figure 2). As shown in Figure 3D, in T47D cells, OSU-ERb-12 demonstrated an IC50 value of 10.41 µmol/l that was 3.24-fold lower than for MCSR-18-006 (p < 0.01). However, in the presence of 4-hydroxy-tamoxifen (0.5 µmol/l) the IC50 of OSU-ERb-12 was 1.02 µmol/l, which was 38.5-fold lower than that of MCSR-18-006 combined with 4-hydroxy-tamoxifen (Figure 3D, right figure; Supplemental Tables 5, 6).

We then tested the viability of both MCF7 and T47D cell lines upon treatment with three other less selective ERβ agonists, namely, DPN (diarylpropionitrile) (15), AC186 (22), and WAY200070 (23). Our data demonstrated that none of these ERβ agonists (Supplemental Figure 6) exerted any significant cytotoxic effect on any of the ERα+ cell lines.



Selective ERβ Agonists Exert Anti-Proliferative and Proapoptotic Effects on ERα+ Breast Cancer Cell Lines and Results in Increased Expression of FOXO 1/3 Proteins in ERα+ Breast Cancer Cell Lines

Since both the ERβ agonists reduced the viability of ERα+ cell lines, we further examined the mechanism of reduced viability. Both OSU-ERb-12 and LY500307 reduced cell proliferation, induced S phase arrest, and increased apoptosis of MCF7 and T47D cells (Figure 4).




Figure 4 | Cell proliferation, cell cycle, and apoptosis are affected upon treatment of ERα+ breast cancer cells with ERβ-specific agonists, OSU-ERb-12, and LY500307. MCF7 and T47D cells (0.5 × 106) were seeded on 100-mm dishes in phenol red free DMEM containing charcoal-stripped FBS and treated with the drugs as indicated. (A) A representative diagram of the cell proliferation profile in drug-treated cells. Cells were treated with DMSO (control), FAS (fulvestrant; negative control), OSU-ERb-12, or LY500307 for 72 h, harvested, and stained following protocol for the Click-iT EdU Alexa Fluor 647 Kit (Invitrogen C10424). Cell proliferation was analyzed via flow cytometry on a BD FACSCalibur Flow Cytometer. Each assay was performed in triplicate and repeated twice. Data were plotted as mean ± SD (*p < 0.05, **p <0.01). (B) A representative diagram depicting the cell-cycle profile in drug-treated cells. Cells treated with DMSO (control), OSU-ERb-12, or LY500307 for 72 h at the indicated concentrations were harvested on ice, fixed, washed, and incubated with propidium iodide and RNase A followed by cell-cycle analysis on a flow cytometer. Each assay was performed in triplicate and repeated twice. Data were plotted as mean ± SD (*p < 0.05, **p < 0.01, ***p < 0.001). (C) A representative diagram depicting the apoptosis profile in drug-treated cells. Cells treated with DMSO (control), OSU-ERb-12, or LY500307 for 48 h at the indicated concentrations were harvested on ice, washed, and processed according to the manufacturer’s protocol (TUNEL Assay Kit-BrdU-Red; Abcam) followed by analysis on a BD FACSCalibur Flow Cytometer. Each experiment was repeated twice. Data presented are mean ± SD (*p < 0.05, **p < 0.01). In all assays, results shown are pooled averages across biological repeats.



Cell proliferation was reduced by OSU-ERb-12 (10 µmol/l) and LY500307 (3 µmol/l) in MCF7 cells by 19% (p = 0.016) and 27% (p = 0.0028), respectively (Figure 4A and Supplemental Figure 7, Supplemental Table 7). Similarly, in T47D cells OSU-ERb-12 (10 µmol/l) and LY500307 (7 µmol/l) reduced proliferation by 31% (p = 0.0074) and 15% (p = 0.015), respectively (Figure 4A and Supplemental Figure 7, Supplemental Table 7). However, the observation that the ERβ agonists either significantly increased or did not decrease proliferation at the lower concentration (0.5 μmol/l) in both the cell lines explains the increased cell viability observed at lower doses in earlier experiments (Figure 2).

Cell-cycle analysis demonstrated that OSU-ERb-12 treatment (0.5 µmol/l) reduced the G0/G1 phase (8.7% decrease p = 0.02) and increased the S-phase fraction (6.4% increase, p = 0.0347) of MCF7 as well as in T47D cells (G0/G1: 6.6% decrease, p = 0.0036; S-phase: 5.2% increase, p = 0.0015) (Figure 4B; Supplemental Figure 8; Supplemental Table 8). Similarly, LY500307 at 0.5 µmol/l caused a significant reduction in the G0/G1 phase (13% decrease, p = 0.019) and an increase in the S-phase (7.1% increase, p = 0.049) of MCF7 as well as T47D cells (G0/G1: 7.7% decrease, p = 0.0018; S-phase: 6.2% increase, p = 0.0004) (Figure 4B; Supplemental Figure 8; Supplemental Table 8). However, at a higher dose (around IC50) OSU-ERb-12 demonstrated no significant decrease in the G0/G1 phase nor arrest at the S-phase in both the cell lines—an observation that needs further explanation. Nevertheless, in T47D cells, LY500307 at higher doses (7 μmol/l) exhibited a dramatic decrease (34%, p = 0.0079) in the G0/G1 phase, an increase in apoptotic cells at SubG0 (5.6%, p = 0.0068), and an arrest at S (12.8% increase, p = 0.006) and G2/M (7.6% increase, p = 0.0135) phases. Altogether, these data suggest that treatment with ERβ agonists causes cell cycle arrest in S and/or G2/M phases.

We observed a significant increase in apoptosis of LY500307-treated (7 µmol/l) MCF-7 cells (7.7% apoptotic cells, p = 0.01) compared to the vehicle-treated control (4.2% apoptotic cells). We did not observe a statistically significant increase in apoptosis of MCF7 cells treated with OSU-ERb-12. We noticed a significant increase in apoptosis of T47D cells treated with 10 µmol/l OSU-ERb-12 (13%, p = 0.03), 0.5 µmol/l LY500307 (10.1%, p = 0.003), and 7 µmol/L LY500307 (11.1%, p = 0.0005) apoptotic cells, respectively as compared to the vehicle-treated control (3.2%) (Figure 4C; Supplemental Figure 9; Supplemental Table 9).

Next, we tested the efficacy of OSU-ERb-12 and LY500307 in reducing colony formation of MCF7 and T47D cells. Colony-forming ability was significantly reduced upon treatment with both the agonists (Figure 5A and Supplemental Table 10). In comparison with vehicle-treated cells, OSU-ERb-12 suppressed colony formation of MCF7 cells by 14% (p = 0.05) and 44% (p = 0.002) and LY500307 by 79% (p = 0.003) and 100% (p = 0.0007) at 3 and 5 µmol/l, respectively. Similarly, the reduction in colony formation in T47D with OSU-ERb-12 was 64.5% (5 µmol/l; p = 0.011). With LY500307, colony formation was reduced by 19.9% (3 µmol/l; p = 0.015) and 95% (5 µmol/l; p = 0.005). However, there was no significant reduction of colony formation in T47D treated with 3 µmol/l OSU-ERb-12 (Figure 5A and Supplemental Table 10).




Figure 5 | Treatment with ERβ-specific agonists OSU-ERb-129 and LY500307 promotes anticancer effects in ERα+ breast cancer lines in vitro. (A) Colony formation. Colonies were stained with crystal violet and counted. The percentage of colonies present in each treatment is shown relative to DMSO vehicle-treated controls. Data are from three independent experiments and presented as mean ± SD; *p < 0.05, **p < 0.01, ***p < 0.001; n = 3. (B) Cell migration. Cell migration was determined using the wound-healing assay. The percentage of the filled area is calculated, normalized to DMSO-treated control, and presented as mean ± SD from three independent experiments; mean ± SD; *p < 0.05, **p < 0.01, ***p < 0.001; n = 3. (C) Enhanced cleavage of PARP-1, and activation of caspases 3 and 7 in ERα+ breast cancer cells upon treatment with ERβ agonists. Western blot analyses were performed using specific antibodies in whole-cell lysates prepared from OSU-ERb-12- and LY500307-treated cells as indicated. Similar results were obtained in different batches of cells treated with OSU-ERb-12 and LY500307. Numbers under the lanes are the quantitative representation of the intensity of the normalized bands. The signal in each band was quantified using Image Studio (LiCor) software. (D) Enhanced expression of FOXO1 and FOXO3a proteins in ERα+ breast cancer cells upon treatment with ERβ agonists. Western blot analyses were performed using specific antibodies in whole cell lysates prepared from cells treated for 7 days with OSU-ERb-12 or LY500307. Similar results were obtained with different batches of cells treated with OSU-ERb-12 or LY500307. Numbers under the lanes represent corresponding normalized band intensity of the respective proteins. Image Studio (LiCor) software was used to quantify the intensity of the protein bands.



We then performed wound healing assays to investigate whether OSU-ERb-12 and LY500307 treatments could lead to the reduction of migratory properties of breast cancer cells. As shown in Figure 5B, there was a significant decrease in the cell motility in the MCF7 cell line in the presence of both the agonists. Treatment with OSU-ERb-12 inhibited MCF7 cell migration by 34.7% (5 µmol/l; p = 0.0004) and 42.9% (10 µmol/l; p = 0.0026) and LY500307 by 70.2% (5 µmol/l; p < 0.0001) and 91.9% (10 µmol/l; p < 0.0001) (Figure 5B and Supplemental Table 11).

To elucidate the underlying mechanism of ERβ agonist-mediated cell death, we measured the levels of activated executioner caspases by Western blot analysis. As MCF7 cells do not express caspase 3 (24), we measured caspase 7 levels in this cell line. Robust activation of the effector caspases 7 (MCF7) or 3 (T47D) resulted within 12 h of treatment of cells with both the agonists. The effect persisted at least up to 48 h (Figure 5C). In contrast, in vehicle-treated cells increased caspase cleavage was not detected. A similar increase in the proteolysis of their substrate PARP-1 was noted in ERβ agonist-treated cells (Figure 5C).

It has been demonstrated that ERβ suppresses tumor growth and induces apoptosis by augmenting the transcription of the tumor-suppressor genes FOXO1 and FOXO3 in prostate cancer (25). Therefore, we determined their expression levels in ERβ agonist-treated breast cancer cells. As shown in Figure 5D, both FOXO1 and FOXO3a protein levels were increased in OSU-ERb-12- and LY500307-treated MCF7 and T47D cell lines.



ERβ Expression in Human Breast Cancer Samples

Previous studies suggested that, distinct from ERα, ERβ inhibits transcription from promoters that incorporate estrogen response-tetradecanoyl phorbol ester (ERE-AP1) composite response elements (13). We hypothesized that the ERβ/ESR2 mRNA expression levels in ERα+ human breast cancer samples would negatively correlate with those of genes with promoters that contain ERE-AP1 response elements and that there would be a positive association between ESR2 mRNA expression levels and overall survival.

Thirty-seven patients with metastatic ERα+/HER2- breast cancer were included in this study. Demographic and clinical characteristics are displayed in Supplemental Table 12. All the patients in this cohort were female with a median age of 56 years (range 27–78). The patients were predominantly Caucasian (35, 95%), and most women were postmenopausal (23, 66%).

The objective was to determine the mRNA expression levels of the genes which are targets of ER-AP1-mediated transcription and AP1-independent ER mediated transcription including CCND1, MYC, IGF-1, Bcl-2, MMP-1, FN1, IGFBP-4, E2F4, CXCL12, PGR, (ERE-AP1 dependent) EBAG9, and TRIM25 (canonical palindromic ERE dependent) and to correlate these with ESR1 and ESR2. We found by RNA-seq analysis that the expression of the cyclin D1 gene, the classic target of estrogen-stimulated transcription through an AP1 response element, negatively correlated with that of ERβ/ESR2 as measured using the Spearman correlation coefficient (rho = -0.45, p = 0.005) (Figure 6A and Supplemental Table 13). ERβ/ESR2 expression was also negatively correlated with that of ERα/ESR1 (rho = -0.35, p = 0.033). However, ERβ/ESR2 mRNA expression positively correlated with that of IGFBP4 (rho = 0.58, p < 0.001) and CXCL12 (rho = 0.54, p < 0.001) (Figure 6B and Supplemental Table 13). The univariate Cox proportional hazard estimate for overall survival by ESR2 expression was 0.54 (95% CI 0.06, 5.22), suggesting a positive trend that did not reach statistical significance in this numerically limited cohort (Figure 6C). The RNA-seq data reported in this paper are available at the Gene Expression Omnibus database (accession no. GSE198545) at: https://urldefense.com/v3/__https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198545__;!!KGKeukY!kY3_5pg7Oz9dTPBWXvXq1t1PTXXZYo7hndoLq0XVgXcesakiudG7GxZuDQamvwLNorY$.




Figure 6 | (A, B) Expression of the genes that are targets of ER-AP1-mediated transcription and AP1-independent ERE-mediated transcription in metastatic HER2-negative ER+ breast cancer patients is positively correlated with ESR2. (A) expression of ESR2 is positively correlated with CXCL12 and IGFBP4 expressions and negatively correlated with CCND1, EBAG9, and ESR1 expressions. (B) ESR1 expressions is positively correlated with PGR expressions and negatively correlated with CXCL12, E2F4, IGFBP4, and ESR2 expressions. Expression levels (FPKM) and Spearman correlation coefficients were computed for ESR1 and ESR2 expressions versus other gene expression levels. (C) Overall survival was not significantly correlated with the expression of ESR2 in the HER2-negative ERα+ metastatic breast cancer patient cohort, although there was a trend toward a positive correlation. ESR2 was dichotomized relative to the median expression level and tested via the log-rank test (p = 0.6). Cox proportional hazards regression on the continuous expression levels yielded similar results (HR 0.6, p = 0.7).






Discussion

The ERα subtype constitutes 70% of all breast cancers. Annually about 600,000 breast cancer-related death occurs worldwide (1). Although metastatic ERα+ breast cancer is initially treated with estrogen deprivation or ERα blockade, endocrine resistance eventually entails a change of therapy. The advent of CDK4/6 inhibitors such as palbociclib (26, 27), ribociclib (28), and abemaciclib (29, 30) has doubled progression-free survival when used in combination with endocrine agents. However, resistance to CDK4/6 inhibitors is an increasing clinical challenge (31). Also, the duration of response to second-line endocrine therapies is generally short. After the exhaustion of endocrine treatment, chemotherapy remains the only treatment option. Therefore, there is an urgent need for tolerable therapies to prolong overall survival with better quality of life for advanced ERα+ breast cancer patients.

Accumulating evidence suggests that while ERα is prooncogenic in the mammary gland, ERβ plays a tumor-suppressor role in different cancers including breast cancer (32, 33). The efficacy of selective ERβ agonists such as LY500307 has been previously described in preclinical models of TNBC (34), melanoma (34), glioblastoma multiforme (35), and prostate cancer (36). However, there has been limited study of the role of ERβ in estrogen receptor α-positive breast cancer. One reason is that for this particular indication a high degree of selectivity for ERβ over ERα would be required. Our institution recently developed a highly selective ERβ agonist: OSU-ERb-12 (16). We confirmed the selectivity of this compound using ERE-luciferase promoter assays showing 10-fold higher induction upon treatment of ERβ-overexpressing cells.

Although previous preclinical studies have mostly focused on TNBC, we observed that ERβ was expressed (both RNA and protein level) in ERα+ breast cancer cell lines at levels that were not significantly different from those in TNBC cell lines (Figures 1A–C). Endocrine and CDK4/6 resistant derivatives of these ERα+ cell lines had comparable or higher expression compared to the parental cell lines. These observations, therefore, are in line with the potential for efficacy in ERα+ breast cancer.

We showed that OSU-ERb-12, like the control compound LY500307, exerted significant cytotoxicity toward MCF7 and T47D ERα+ breast cancer cell lines with IC50 values that were lower compared to immortal mammary epithelial cells (MCF10A). Furthermore, OSU-ERb-12 exhibited cytotoxicity toward the corresponding endocrine- and CDK4/6 inhibitor-resistant derivative lines of MCF7 and T47D with either similar or even significantly lower IC50 values, demonstrating its therapeutic efficacy toward both treatment-naïve and -resistant ERα+ breast cancer cells. Furthermore, we demonstrated that these effects are ERβ specific using a close structural analog that lacks ERβ agonist activity and was many-fold less cytotoxic than the active compound. Also, we showed that less specific ERβ agonists have much lower potency for inhibiting ERα+ cell lines. The reason for this is unclear but could be due to off-target activation of ERα.

At lower concentrations of OSU-ERb-12 and LY500307, there was an increase in cell viability. We hypothesized that this may be due to ERα activation, given the large molar excess of ERα receptors over ERβ receptors in ERα+ breast cancer cell lines. This prompted us to investigate the cytotoxic efficacy of OSU-ERb-12 in combination with clinically available potent ERα antagonists. In the combination studies, tamoxifen showed maximum inhibitory effect with a 14-fold reduction of IC50 value compared with OSU-ERb-12 alone. Using the Bliss Independence model, we found a synergistic interaction between tamoxifen and OSU-ERb-12 at all the doses used in the study. These data would suggest that if clinically used, OSU-ERb-12 should be administered in combination with tamoxifen or other selective estrogen receptor modulators. The strategy of using an endocrine agent, such as tamoxifen, with a sensitizing targeted agent in the endocrine-resistant setting has been used successfully in clinical trials (37).

Of note, the cellular 50% inhibitory concentrations were many-fold higher than the cellular 50% effective concentration for activation of a canonical palindromic ERE response element. There are many potential explanations for this. Firstly, inhibition of viability may only be achieved when the majority of available receptors are activated by the ligand, for example possibly at the EC90–100 concentration range. Secondly, the EC50 concentration represents transcriptional activation at a palindromic estrogen response element with optimal configuration and spacing of the half binding sites. Depending on the configuration of the EREs in promoters, EC50 may be higher. Of note, ligand–ER–DNA interactions, including the stoichiometry and affinity of the ligand for the ligand-binding domain, are dependent on the spacing and orientation of ERE-binding sites as well as flanking sequences (38–40). Thirdly, cytotoxicity may be independent of transcription but rather may rely on ligand-induced protein–protein interactions that may also modulate ligand binding affinity (41).

Our study demonstrated the efficacy of ERβ agonists in attenuating cell proliferation, cell migration, and colony formation as well as inducing cell-cycle arrest and apoptosis of ERα+ breast cancer cell lines. However, differential effects in inducing apoptosis in MCF7 and T47D cells suggest that these two ERβ agonists OSU-ERb-12 and LY500307 may exert distinct anticancer effects. Ligand-specific effects of ERβ have been previously described by other groups (42). Also, we showed that ERβ agonist-treated MCF7 and T47D cells exhibited activation of effector caspases 7/3 and cleavage of PARP as well, which are markers of apoptosis.

FOXO proteins act as tumor suppressors in a variety of cancers including breast cancer (43, 44). Previous studies have shown that ERβ upregulates the expression of FOXO transcription factors in preclinical models of prostate cancer (25, 45, 46). Our data demonstrated a significantly higher expression of both FOXO1 and FOXO3a proteins in ERβ agonist-treated cells. Thus, induction of FOXO proteins may be one of the mechanism(s) by which OSU-ER-12 exhibits its tumor-suppressor activity. Further confirmation of the necessity of FOXO transcription factor upregulation for the efficacy of ERβ agonists will be required.

Given the tumor-suppressor activity of ERβ, we hypothesized that its expression would be positively associated with the overall survival of metastatic breast cancer patients. In the present study, we showed that in a cohort of 37 metastatic breast cancer patients there was a trend of increased overall survival in ESR2-high-expressing patients compared to ESR2-low-expressing patients. However, these data are not statistically significant in this small cohort of patients. Further analysis of a larger cohort is warranted. Previous studies had suggested that ERβ might antagonize the transcriptional upregulation of genes that incorporate composite estrogen-phorbol ester response elements such as CCND1 (47–49). In our cohort of patients, we found that the expression of CCND1 mRNA, a typical estrogen-stimulated target gene, is negatively correlated with the expression of ESR2 mRNA.

In conclusion, we have provided sufficient evidence that OSU-ERb-12 could be a potential candidate compound for its inhibitory activity toward ERα+ breast cancer. These interesting results warrant further work, especially in regard to the mechanism of tumor suppression by ERβ and confirmation of its efficacy as a therapeutic strategy using in vivo preclinical models.
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Background

Breast cancer is one of the most commonly diagnosed cancers, and the fourth leading cause of cancer deaths in females worldwide. Sarcopenia is related to adverse clinical outcomes in patients with malignancies. Muscle index is a key parameter in evaluating sarcopenia. However, there is no data investigating the association between muscle index and distant metastasis in breast cancer. The aim of this study was to explore whether muscle index can effectively predict distant metastasis and death outcomes in breast cancer patients.



Study Design

The clinical data of 493 breast cancer patients at the Harbin Medical University Cancer Hospital between January 2014 and December 2015 were retrospectively analyzed. Quantitative measurements of pectoralis muscle area and skeletal muscle area were performed at the level of the fourth thoracic vertebra (T4) and the eleventh thoracic vertebra (T11) of the chest computed tomography image, respectively. The pectoralis muscle index (PMI) and skeletal muscle index (SMI) were assessed by the normalized muscle area (area/the square of height). Survival analysis was performed using the log-rank test and Cox proportional hazards regression analysis.



Result

The patients with metastases had lower PMI at T4 level (PMI/T4) and SMI at T11 level (SMI/T11) compared with the patients without metastases. Moreover, there were significant correlations between PMI/T4 and lymphovascular invasion, Ki67 expression, multifocal disease, and molecular subtype. In addition, multivariate analysis revealed that PMI/T4, not SMI/T11, was an independent prognostic factor for distant metastasis-free survival (DMFS) and overall survival (OS) in breast cancer patients.



Conclusions

Low PMI/T4 is associated with worse DMFS and OS in breast cancer patients. Future prospective studies are needed. 
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Introduction

Breast cancer is the most commonly diagnosed cancer, and the fourth leading cause of cancer-related death in women worldwide (1). Although many advancements have been made in treatment, some breast cancer patients continue to experience recurrence and metastasis. Therefore, it is of great significance to find new biomarkers for early prediction of metastasis.

Body composition including muscle mass and adipose tissue has been increasingly recognized as a key factor to predict long-term prognosis in various types of cancers such as breast cancer (2), colon cancer (3), and hepatocellular carcinoma (4). In the past few decades, body composition has mostly focused on evaluation of adipose tissue, because obesity and its clinical implications have been extensively investigated (5). Currently, muscle mass has become a focal point for clinical research (6). Sarcopenia refers to a generalized and progressive loss of skeletal muscle mass and function (7). Previous studies have proven that sarcopenia is related to adverse clinical outcomes of cancer, including disability, poor response to chemotherapy, post-operative complications, and reduced overall survival (OS) (2). Recent research found that sarcopenia was associated with survival in breast cancer (6). Cancer cachexia has long been recognized as a consequence of malignancy and occurs in approximately 40% of breast cancer patients, and is recognized as a direct cause of reduced quality of life (8). Differential diagnosis of cachexia and sarcopenia might be difficult in clinical practice because they share certain characteristics and overlap in some of the criteria (9). Cachexia is defined by international consensus as weight loss greater than 5%, or weight loss greater than 2% in individuals already showing depletion (10). Thus, accurately measuring muscle loss associated with sarcopenia may dramatically improve early detection of cachexia.

Computed tomography (CT) images, the preferred examination method, could evaluate skeletal muscle mass, adipose tissue amount and distribution, and tissue-specific radiodensity values (11). The cross-sectional area of skeletal muscle at the level of the third lumbar vertebra (L3) was directly correlated with whole-body skeletal muscle and fat mass in cancer patients (12). Reduced skeletal muscle radiodensity (SMD), referred to as myosteatosis, reflects intramuscular fat infiltration, and directly affects survival (13). Skeletal muscle index (SMI), a marker for muscle mass, and mean muscle attenuation (MA), a marker for muscle quality, are the independent negative predictors for OS in cancer patients. Some postmenopausal women with higher body fat levels have a higher risk of invasive breast cancer (5). However, recent studies revealed body composition plays different roles at different clinical stages of breast cancer (14). In early breast cancer, higher amount of visceral adipose tissue (VAT) and the lower quality of VAT represented by the Hounsfield unit (HU) were associated with shorter distant disease-free survival (15).

Conventionally, CT-measured skeletal muscle mass is usually evaluated at the level of the L3 (16). However, in patients with respiratory or breast disease, abdominal CT scans are not routinely performed for evaluation and follow-up. A chest CT scan is a common examination to evaluate breast cancer. Recent studies have observed that pectoralis muscle area (PMA), measured from CT scans of the chest, is associated with prognosis in lung cancer (17) and diffuse large B-cell lymphoma (18). Currently, the measurable indicators of muscle mass at the T4 level include skeletal muscle area (SMA) and PMA (19), but SMA in the upper thorax varies depending on upper limb positions (i.e., arms above the head versus arms by the side) (20). Therefore, PMA on chest CT imaging was used to assess the muscle area in our study.

The purpose of this research was to determine whether preoperative PMA on chest CT imaging could predict distant metastasis and OS in breast cancer patients.



Patients and Methods


Study Population

493 consecutive patients who underwent complete surgical resection for breast cancer at Harbin Medical University Cancer Hospital from January 1, 2014 to December 31, 2015 were included in this analysis. None of the patients received any therapy before the operation. The inclusion criteria for this study were as follows: (1) female patients at diagnosis were no less than 18 years old; (2) all patients were confirmed diagnosed with breast cancer by pathology; and (3) the patients had complete clinical and follow-up data. Exclusion criteria included: a history of malignancy, metastatic disease at diagnosis, neoadjuvant chemotherapy, incomplete clinical data and chest CT images, and loss to follow-up. Distant metastasis was defined as disease recurrence in distant organs and/or tissues that did not constitute local recurrence or regional recurrence, and was confirmed with imaging studies or pathologic examination of tissue samples. Information on follow-up and distant metastasis was obtained from each patient’s medical and imaging records (21). Distant metastasis-free survival (DMFS) was calculated from the date of surgery to the date of distant metastasis or the last follow-up. OS was defined as the time from the date of surgery to the date of either death or last follow-up. Patients were followed up every 3 months for the first 2 years, and every 6 months for years 3-5 after the operation. The final follow-up was completed on December 31, 2020. The median follow-up time was 65 months.

The study was approved by the Institutional Ethics Review Board of Harbin Medical University Cancer Hospital. Because of the retrospective nature of the research, the requirement for informed consent was waived.



Data Collection

The following clinical variables were collected, including age at baseline, menstrual status, tumor size, lymph node metastasis, histopathological type, lymphovascular invasion, proliferation index (Ki67) expression, estrogen receptor (ER) status, progesterone receptor (PR) status, molecular classification, clinical stage, and postoperative treatment. Human epidermal growth factor receptor 2 (HER2) positivity was defined as immunohistochemistry (IHC) 3+ or fluorescence in situ hybridization (FISH) positive of the primary tumor.



Body Composition Analysis

BMI (kg/m2) was calculated by dividing weight (kg) with height squared (m2). Cross-sectional chest CT images were used to assess body composition mass: SMA (cm2), PMA (cm2), visceral fat tissue area (VFA, cm2), and subcutaneous fat tissue area (SFA, cm2) were determined by using Image J software version 1.53a (Wayne Rasband, National Institutes of Health, USA). The software can segment tissue boundaries based on CT HU. According to previous studies, the HU thresholds were set from − 29 to + 150 for the skeletal muscles, − 150 to − 50 for visceral fat tissues, and − 190 to − 30 for subcutaneous fat tissues (22, 23). The areas (cm2) were divided by the square of height (m2) to obtain the SMI (cm2/m2), pectoralis muscle index (PMI, cm2/m2), visceral fat index (VFI, cm2/m2), and subcutaneous fat index (SFI, cm2/m2) (4, 16). Because there were no CT images available on level L3 for the breast cancer patients, CT images on the level of the fourth thoracic vertebra (T4) and the eleventh thoracic vertebra (T11) were used as alternatives for the assessment of the SMA. Skeletal muscles include all muscles at the T11 level. The pectoralis major and pectoralis minor muscle areas that were segmented bilaterally were used to evaluate PMA at the T4 level (18, 24). Areas that were not obviously targeted by muscle or fat tissues were deleted by manual manipulation. The CT images were analyzed by two independent readers who were blinded to clinical data, and the mean of the two measurements was used. The intra-observer coefficient of variation was less than 1.2%. The CT scans were obtained within 2 weeks before surgery, and the investigators who performed the measurements were blinded to the postoperative outcomes.



Statistical Analysis

The descriptive statistics were presented as means ± SD or medians (interquartile range) for continuous variables, and percentages of the number for categorical variables. The Student’s t-test or the Mann-Whitney U test was used to determine the difference between the two groups. The Chi-square test was used for categorical variables between groups. To compare the differences in body composition parameters and find the potential factors for DMFS, the breast cancer patients were divided into two groups according to the later development of metastatic disease. The optimal cut-off value of PMI was calculated by the receiver operating characteristic (ROC) curve. Estimates of DMFS and OS were from Kaplan-Meier curves and tests of differences by log-rank test. Univariate and multivariate analyses were performed to identify the independent prognostic factors for DMFS and OS. The variables with P < 0.10 in the univariate Cox regression analysis were further analyzed using multivariate Cox regression. All statistical tests were conducted using SPSS version 25.0 software (SPSS Inc., Chicago, IL, USA). A two-tailed P value less than 0.05 was considered statistically significant.




Results

This study involved 493 breast cancer patients. Among them, the mean age was 50.4 ± 8.7 years (range 26-79). There were 238 (48.3%) pre-menopausal and 255 (51.7%) post-menopausal patients. Most patients were diagnosed with tumor grade I/II disease, and the most common histological type was ductal cancer. The numbers of patients with Luminal-A, Luminal-B, HER2+, and TNBC were 151, 139, 103, and 100, respectively.

The clinical and pathological characteristics of breast cancer patients according to metastasis status are presented in Table 1. The patients with metastases were older and had lower PMA/T4, PMI/T4, SMA/T11, and SMI/T11 levels compared with the patients without metastases. There were significant differences in menopausal status, tumor size, Ki67 expression, ER status, PR status, molecular subtype, and adjuvant hormonal therapy between the two groups. However, BMI, histopathological type, multifocal disease, lymphovascular invasion, HER2 status, clinical stage, adjuvant radiotherapy, and adjuvant chemotherapy had no difference between the two groups.


Table 1 | Baseline characteristics of breast cancer patients according to later development of metastatic disease.



Next, we identified the optimal cut-off value of PMI/T4 for distant metastasis by ROC under the curve analysis. According to the ROC curve analysis, the optimal cut-off value for PMI/T4 was 19.5 (cm2/m2), with sensitivity of 95.7%, and specificity of 42.3% (AUC = 0.715, 95% CI: 0.673-0.755, p < 0.0001) (Figure 1). The patients were divided into two risk stratification groups. If patients had low PMI/T4, they were classified into the high-risk group (n = 302). Conversely, if patients had high PMI/T4, they were classified into the low-risk group (n = 191). The relationships between PMI/T4 levels and clinical characteristics are summarized in Table 2. Our results showed that PMI/T4 was associated with BMI, lymphovascular invasion, Ki67 expression, multifocal disease, molecular subtype, and adjuvant chemotherapy. However, the associations between age, menopausal status, histopathological type, tumor size, lymph node status, clinical stage, ER status, PR status, HER2 status, adjuvant radiotherapy, adjuvant hormonal therapy, and PMI/T4 were not statistically significant.




Figure 1 | Optimized cut-off value was determined for PMI/T4 using standard ROC curve analysis.




Table 2 | Baseline clinico-pathological parameters of breast cancer patients according to PMI/T4 levels.



The median follow-up was 65 months (interquartile range, 62-69 months), with 5-year DMFS and OS being 90.7% and 94.5%, respectively. Overall, 46 (9.3%) cases had distant metastasis, and 27 (5.5%) patients died during follow-up. The Kaplan-Meier analysis was applied by log-rank test to assess the prediction capacity of PMI/T4. Patients with high PMI/T4 had better DMFS and OS than those with low PMI/T4 (log-rank P < 0.001) (Figures 2, 3).




Figure 2 | Distant metastasis-free survival curves of subgroups divided by high PMI/T4 and low PMI/T4.






Figure 3 | Overall survival curves of subgroups divided by high PMI/T4 and low PMI/T4.



Univariate and multivariate Cox regression analyses were performed in Tables 3, 4. Univariate analyses revealed that age of diagnosis, menopausal status, Ki67 expression, tumor size, molecular subtype, PMI/T4, and adjuvant hormonal therapy had a significant correlation with DMFS. Ki67 expression, lymph node status, molecular subtype, PMI/T4, SMI/T11, and adjuvant hormonal therapy were significantly associated with OS. All the parameters in the univariate analysis with a p-value less than 0.10 were then incorporated into a multivariate Cox proportional hazards regression model. Multivariate Cox analysis confirmed that Ki67 expression and PMI/T4 were the independent prognostic variables for DMFS. Lymph node status and PMI/T4 were the independent prognostic factors for OS.


Table 3 | The predictors of distant metastases in patients with breast cancer.




Table 4 | The predictors of OS in patients with breast cancer.





Discussion

This study showed that PMI/T4 was significantly associated with lymphovascular invasion, Ki67 expression, multifocal disease, and molecular subtype. In addition, PMI/T4 was an independent prognostic factor for DMFS and OS.

Sarcopenia, a useful parameter for reflecting body composition, was associated with the survival of breast cancer patients (6). Our results are consistent with those of previous studies. A previous report demonstrated that sarcopenia (defined as SMI/L3<41 cm2/m2) was an independent prognostic factor for disease-free survival (DFS) and OS in early breast cancer (25). Furthermore, another large study found that non-metastatic breast cancer patients with sarcopenia (defined as SMI/L3<40 cm2/m2) had higher overall mortality compared with those without (26). However, those studies just highlighted that sarcopenia is significantly associated with DFS and OS in patients with breast cancer (25, 26). To our knowledge, our study is the first to explore whether PMI can effectively predict DMFS in BC patients. DMFS is of vital clinical significance since distant metastasis is associated with a high rate of mortality and a difference in prognoses and responses to therapy in breast cancer patients (27). In addition, a close relationship between sarcopenia and metastasis has been verified in various types of cancers, including lung cancer (28), nasopharyngeal carcinoma (29), and colorectal cancer (30).

The mechanisms by which sarcopenia confers an increased risk of distant metastasis and mortality are still unclear, but the following reasons can be hypothesized. First, cancer cells utilize glucose and glutamine as a carbon skeleton and produce energy through lactate fermentation (31). It has been reported that high mobility group box-1 protein (HMGB1) secreted during tumorigenesis induces the degradation of host muscle tissues to supply glutamine to cancer cells as an energy source (32). Thus, expenditure of glutamine would lead to loss of muscle mass (33). Second, some studies found that myokines secreted from muscle cells could inhibit cancer cell growth and migration, and induce cancer cell death (34, 35). Therefore, we speculate that cancer cells utilize skeletal muscle as an energy repository, causing sarcopenia. Moreover, loss of muscle mass can lead to an impaired myokine response and an increased risk of distant metastasis and mortality.

Interestingly, our study revealed that PMI/T4, not SMI/T11, was an independent prognostic factor for DMFS and OS in breast cancer patients. Only two studies have been published on the association between PMA and breast cancer. One study demonstrated a close correlation between PMA on MRI and the psoas muscle area on CT scan in breast cancer patients (36). Another study showed that PMA on MRI is reduced after neoadjuvant chemotherapy (37). However, there is no study investigating the clinical implications of the PMI/T4 in CT images on distant metastasis and death outcome for breast cancer patients. A previous study found that low PMI/T4 was a risk factor for worse OS in lung cancer patients (17). Another study also detected that low PMI/T4 was strongly associated with worse PFS and OS in patients with diffuse large B-cell lymphoma (18). Our results confirmed that PMI/T4 may serve as a marker of adverse prognosis in breast cancer. However, the results of SMI/T11 in different cancer types were not consistent. A previous report detected that visceral fat density at T11 (not SMI/T11) could objectively predict the risk of hepatic decompensation and survival in patients with hepatocellular carcinoma undergoing transarterial chemoembolization (38). In contrast, one study found that patients with progressive disease had significantly lower SMI/T11 levels compared with stable disease in lung cancer (39). Similarly, another study reported that muscle mass at T8 level (not T10 level) was the best predictor of survival, and muscle mass at T12 showed no association with survival in lung cancer (40). In line with prior studies, our results revealed that PMI/T4 may be more helpful in survival prediction than SMI/T11 in patients with breast cancer. The muscle index on the different thoracic vertebral levels exhibited different predictive capacities for survival, due in part to the fact that pectoralis muscles at T4 support upper extremity and respiratory system function (40).

However, there are some limitations in this study. First, the patients in our study came from a single center, which limits the generalizability of the results. Second, similar to other retrospective findings, we were unable to determine the causal link between parameters. Third, the cut-off value of the PMI at the level of T4 was not a confirmed optimal cut-off value. In addition, measurement of muscle function was not included in our study. Finally, a few patients developed metastatic disease, thus partly limiting the analysis and conclusion. Further studies are needed.

In conclusion, PMI at the T4 level may serve as a marker of adverse prognosis in breast cancer.
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Purpose

Estrogen signals play an important role in the phenotype of estrogen receptor-positive breast cancer. However, comprehensive analyses of the effect of responsiveness to estrogen signals on the tumor microenvironment and survival in large cohorts of primary breast cancer patients have been lacking. We aimed to test the hypothesis that estrogen reactivity affects gene expression and immune cell infiltration profiles in the tumor microenvironment and survival.



Methods

A total of 3,098 breast cancer cases were analyzed: 1,904 from the Molecular Taxonomy of Breast Cancer (METABRIC) cohort, 1,082 from The Cancer Genome Atlas (TCGA) cohort, and 112 from the Hokkaido University Hospital cohort. We divided the group into estrogen reactivity-high and estrogen reactivity-low groups utilizing the scores of ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE in Gene Set Variation Analysis.



Results

Breast cancer with high estrogen reactivity was related to Myc targets, metabolism-related signaling, cell stress response, TGF-beta signaling, androgen response, and MTORC1 signaling gene sets in the tumor microenvironment. Low estrogen reactivity was related to immune-related proteins, IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, KRAS signaling, cell cycle-related gene sets, and EMT. In addition, breast cancer with high levels of estrogen reactivity had low immune cytolytic activity and low levels of immunostimulatory cells. It also had low levels of stimulatory and inhibitory factors of the cancer immunity cycle. Patients with high estrogen reactivity were also associated with a better prognosis.



Conclusion

We demonstrated the relationship between estrogen reactivity and the profiles of immune cells and gene expression, as well as survival.





Keywords: breast cancer, estrogen reactivity, cancer genomics, tumor immune microenvironment, bioinformatics



Introduction

Breast cancer (BC) has different subtypes of which approximately 75% are sensitive to the female sex hormone, estrogen (1). These types of BCs, known as estrogen receptor-positive (ER+) BC, express receptors that bind to estrogen which promotes cell growth and cancer progression. Estradiol [17β-estra-1,3,5(10)-triene-3,17-diol] (E2) is a predominant form of estrogen, which is produced by theca cells and granulosa cells in the ovaries. Epidemiologic and experimental data implicate E2 as an important factor contributing to BC carcinogenesis (2). E2 signaling is primarily mediated by two isotypes of the receptor, ERα and ERβ, both of which are nuclear transcription factors that bind to their specific ligand and several estrogens. E2 via ERα signaling stimulates cell proliferation, while ERβ activation inhibits cell proliferation and promotes apoptosis. E2 signaling is also primarily mediated by a membrane-anchored receptor called G protein-coupled estrogen receptor 1, in which target gene transcription occurs through secondary messengers and several transcription factors (3–5).

The cellular response to estrogens, estrogen reactivity, plays an important role in the molecular and genomic pathways of the hormone-responsive BC phenotype by affecting the transcriptional modulation of various genes such as proliferation regulators, growth factors, cell cycle, and apoptosis modulators (5). Thus, it has been deeply studied to try to characterize the structure of the process, and many advancements have been made (5, 6). We have demonstrated that high expressions of estrogen-responsive genes were deeply involved in the late recurrence of BC patients (7). On the other hand, the physical behavior of the extracellular matrix, stromal cells, fibroblasts, adipocytes, immune cells, and macrophages is known to modulate tumor cells and the tumor microenvironment (TME) to promote cancer survival and progression (8). In addition, researchers have focused not only on cancer cells themselves but also on TMEs as targets for cancer therapy (8). Therefore, it is of interest to investigate estrogen reactivity in the TME as well as in breast tumors.

However, a comprehensive analysis showing the relationship between responsiveness to estrogen signals and TME components such as immune cells and gene expression profiles, and how they affect survival in large cohorts of primary BC patients, has been lacking. Gene Set Variation Analysis (GSVA) is an analysis to further explore the biological activity of a signaling pathway, which assesses the impact of specific pathways on the bioactivity of a set of genes of interest (9). Utilizing ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE scores in GSVA, we can line up the patients in the order of how much estrogen reactivity is constantly upregulated.

We aimed to test the hypothesis that estrogen reactivity affects gene expression and immune cell infiltration profiles in the TME, and survival, retrospectively, utilizing collected data from the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) and The Cancer Genome Atlas (TCGA) BC cohorts and our own institutional data.



Materials and Methods


Data Acquisition From METABRIC and TCGA

We obtained clinical and genome data of 1,904 patients in the METABRIC cohort through cBioPortal (METABRIC Nature 2012 & Nat Commun 2016 dataset) (10) and (11 dataset) (11). We also obtained transcriptomic and clinical data of 1,082 female patients who had a histopathological diagnosis of BC in TCGA cohort (12) through cBioPortal (TCGA Pan-Cancer Atlas dataset) (10, 13) and (14 dataset) (14). In METABRIC and TCGA, given that the patient data are de-identified, and that it is in a public domain, it waived Institutional Review Board approval.



Tissue Samples

Formalin-fixed paraffin-embedded (FFPE) tissues were obtained from 112 BC patients, who underwent breast surgery between 2005 and 2012 at Hokkaido University Hospital. We selected these 112 patients whose ER, progesterone receptor (PgR), lymph node metastasis status, and adjuvant therapy were all known and whose gene quality was guaranteed.



Extraction of RNA and Preparation for Analysis by Expression Microarray

FFPE tissues were stored until the study was performed, and four sections of 10-µm thickness of FFPE specimens were obtained for RNA extraction. RNA extraction was performed using the RNeasy FFPE Kit according to the manufacturer’s protocol (Qiagen, Hilden, Germany). The extracted RNA was synthesized into cDNA using the Ovation FFPE WTA System (Affymetrix, Santa Clara, CA, USA) and the Encore Biotin Module (Affymetrix) kits according to the manufacturer’s instructions. cDNA (100 ng) was then used for gene expression analysis by DNA microarray using the Human Genome U133 Plus 2.0 Array according to the manufacturer’s instructions (Affymetrix).



Estimation of Estrogen Reactivity

The GSVA score of the “Hallmark estrogen response early” and “Hallmark estrogen response late” gene sets in the MSigDB Hallmark collection (15) was used to measure the estrogen reactivity. The GSVA Bioconductor package (version 3.10) was used (16).



Cluster Analysis

We choose hierarchical clustering using the Euclidean distance and Ward’s linkage due to its relative good performance (17). The R-function “hclust” was used for performing hierarchical clustering.



Statistical Analyses of RNA Expression and Gene Set Enrichment Analysis

The analysis followed a two-step process as previously described (7, 18). We first calculated the fold changes of genes, corresponding to a high relative to low estrogen reactivity, which provided a list of t-scores and corresponding P-values for high relative to low estrogen reactivity in relation to each of the gene’s expression values. In the second step, gene set enrichment analysis (GSEA) was performed in GSEA pre-ranked using the collections of gene sets from the Hallmark gene sets using software provided by the Broad Institute (http://software.broadinstitute.org/gsea/index.jsp). We only considered significantly enriched gene sets that met a threshold of normalized enrichment score (NES) >1.8 or <-1.8 and false discovery rate (FDR) q-value < 0.01.



Tumor Immune Microenvironment Analysis

The CIBERSORT deconvolution algorithm (19) was used to estimate the fraction of immune cells in TME using transcriptomic data of the whole tumor via an online calculator (https://cibersort.stanford.edu/), as previously shown (7, 18, 20). xCell (21), which is a bioinformatics tool that performs cell type enrichment analysis from gene expression data for 64 immune and stroma cell types, was used to support the predictions made by CIBRSORT using transcriptomic data of the whole tumor via an online calculator (https://cibersort.stanford.edu/). Immune cytolytic activity (CYT) was defined as the geometric mean of GZMA and PRF1 expression values in Transcripts Per Million (22, 23), and CYT was calculated as previously described (7, 18, 20, 24–28).



Statistical Analysis

All statistical analyses were performed using R software (http:///www.r-project.org/) and Bioconductor (http://bioconductor.org/). The chi-square test or Fisher’s exact test or the non-parametric Mann–Whitney U test and contingency analysis were used to assess baseline differences between binary variables. Correlations were calculated using Spearman’s rank correlation coefficient. In the analysis of recurrence-free survival (RFS), the Kaplan–Meier method was used to estimate survival rates, and differences between survival curves were evaluated by the log-rank test. Two-sided p-values <0.05 were considered as statistically significant for all tests.




Results

A total of 3,098 BC cases were analyzed: 1,904 from the METABRIC cohort, 1,082 from TCGA cohort, and 112 from the Hokkaido University Hospital cohort. We investigated the clinical relevance of estrogen reactivity in these BC cohorts based on the scores of ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE in GSVA. The ESTROGEN_RESPONSE_EARLY gene set contained 200 genes which react early to estrogen, and the ESTROGEN_RESPONSE_LATE gene set contained 200 genes which react late to estrogen. The scores of ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE were the highest in the hormone receptor (HR)+HER2- subgroup in METABRIC and TCGA (Figure S1). There was a strong correlation between ESTROGEN_RESPONSE_EARLY score and ESTROGEN_RESPONSE_LATE score in METABRIC and in TCGA, as well as in our institutional cohort (Figure S2).

We performed hierarchical clustering on ESTROGEN_RESPONSE_EARLY score and ESTROGEN_RESPONSE_LATE score for classifying the group into estrogen reactivity-high and estrogen reactivity-low groups in the HR+ subgroup, which was 1,016/1,355 (75%) in the HR+HER2- in METABRIC, 440/585 (75.2%) in the HR+HER2- in TCGA, and 73/112 (65.2%) in our cohort. This cutoff value could dichotomize the ESTROGEN_RESPONSE_EARLY score and ESTROGEN_RESPONSE_LATE score of BC patients based on statistical significance in the whole cohort and each among each subtype in METABRIC, TCGA, and in our cohort (Figures 1 and S3). In an immunohistochemistry study for ER and PgR, there was no difference in percentage of ER due to estrogen reactivity, but a high estrogen reactivity was statistically significantly associated with a higher percentage of PgR, which is an estrogen-responsive gene (Figure S4). These results indicate that estrogen reactivity can be quantified utilizing ESTROGEN_RESPONSE_EARLY score and ESTROGEN_RESPONSE_LATE score in GSVA.




Figure 1 | The association of estrogen reactivity and estrogen response scores in GSVA. Heatmaps and boxplots of the comparison of estrogen response early and late score by estrogen reactivity in the METABRIC cohort (A) TCGA cohorts (B) and our cohort (C) were shown. In heatmap, the scores of ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE are displayed as colors ranging from red to blue as shown in the key. Both rows and columns are clustered using correlation distance and average linkage. **** means P < 0.0001. GSVA, Gene Set Variant Analysis; ER, estrogen receptor; PgR, progesterone receptor; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; HR, hormone receptor; HER2, human epidermal growth receptor 2; TN, triple negative.




Association of Estrogen Reactivity With Clinical Features

We studied the relationship between clinical features of the primary tumor and the levels of estrogen reactivity in the HR+ HER2- subgroup in METABRIC, TCGA (Table S1), and our cohort (Table S2). In METABRIC, patients with high estrogen reactivity were significantly associated with lower age (P = 0.002), premenopausal state (P = 0.002), PgR+ (P < 0.0001), and luminal A subtype (P < 0.0001). In TCGA, patients with high estrogen reactivity were significantly associated with lower age (P = 0.037), premenopausal state (P = 0.0075), and PgR positive (P < 0.0001). In our cohort, there was no significant differences in clinical features between patients with high and low estrogen reactivity. These results indicate that high estrogen reactivity was related to lower age, premenopausal state, and PgR positivity.



Gene Expression Profiles by the Levels of Estrogen Reactivity

In order to clarify the mechanisms associated with the levels of estrogen reactivity, volcano plots and pre-ranked GSEA were performed in all cohorts. Figure 2 shows volcano plots that represent the distribution of the fold changes and adjusted P-values of 18,484 genes in the METABRIC HR+HER2- cohort, 18,428 genes in TCGA HR+HER2- cohort, and 23,373 genes in our cohort corresponding to the levels of estrogen reactivity. In the high estrogen reactivity group, 3,747 mRNAs in the METABRIC HR+HER2- cohort were upregulated and 4,864 mRNAs were downregulated (Figure 2A). In TCGA HR+HER2- cohort, 2,020 mRNAs were upregulated and 6,020 mRNAs were downregulated (Figure 2B). A total of 4,504 mRNAs in our cohort were upregulated, and 9,900 mRNAs in our cohort were downregulated (Figure 2C), all of which were differentially expressed with P < 0.05.




Figure 2 | Gene expression profiles in the levels of estrogen reactivity. Volcano plots illustrating the differentially expressed mRNAs of BC and pre-ranked GSEA of BC patients comparing high vs. low estrogen reactivity in METABRIC cohort (A) and TCGA BC cohort (B) and our institutional cohort (C). Left panels: In volcano plots, X-axes: log2 FC; Y-axes: -log 10 P-value from limma analysis. mRNAs with P-value < 0.05 in red, all others in green. Right panels: in pre-ranked GSEA, orange bar shows NES and its shading shows the –log10 FDR q-value. We only considered gene sets significantly enriched that met a threshold of NES >1.8 or <-1.8 and FDR q-value < 0.01. BC, breast cancer; GSEA, Gene Set Enrichment Analyses; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; FC, fold change; NES, normalized enrichment score; FDR, false discovery rate; HR, hormone receptor.



The pre-ranked GSEA shows that, in the high estrogen-reactive group, in all cohorts, early and late estrogen responses were enriched (Figures 2A–C; Tables S3-5). Additionally, in our cohort, Myc targets v1, metabolism-related gene sets (protein secretion, oxidative phosphorylation, adipogenesis), cell stress-responsive gene sets (unfolded protein response, UV response down), TGF-beta signaling, androgen response, and MTORC1 signaling were enriched (Figure 2C; Table S5). In the low estrogen-responsive group, in METABRIC and TCGA, immune-related proteins (allograft rejection, interferon (IFN)-α/-γ response, inflammatory response, and complement), IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, and KRAS signaling up were enriched (Figures 2A, B; Tables S3, S4). Additionally, in METABRIC, cell cycle-related gene sets (E2F targets, G2M checkpoint) and, in TCGA, epithelial–mesenchymal transition (EMT) and, in our cohort, KRAS signaling down were enriched. These results indicate that high estrogen reactivity was related to Myc targets, metabolism-related gene sets, TGF-beta signaling, androgen response, UV response down (stress-related pathway), and MTORC1 signaling. Low estrogen reactivity was related to immune-related proteins, IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, KRAS signaling, cell cycle-related gene sets, and EMT.



High Estrogen Reactivity Was Associated With Low Immune Cytolytic Activity and Low Levels of Immunostimulatory Cells

In order to investigate the tumor immune microenvironment by estrogen reactivity, we analyzed CYT and the immune cell composition utilizing CIBERSORT and xCell in all cohorts (Figure 3). It has been well established that the CYT score represents the overall cytolytic activity of immune effector cells in a bulk tumor (22). We found that CYT scores in BC tumors were significantly lower in the high estrogen reactivity group in all cohorts. Among the immunostimulatory cells, M1 macrophages and activated NK cells were lower within the high estrogen reactivity group in the METABRIC cohort. CD8+ T-cells were lower in both TCGA and our cohorts. Activated CD4+ memory T cells were lower in both METABRIC and our cohorts. Follicular helper T cells were lower in TCGA. In the analysis by xCell, CD8+ T-cells and M1 macrophages were lower within the high estrogen reactivity group in METABRIC and TCGA. CD4+ memory T cells were lower in all cohorts (). Among the immunosuppressive cells, M2 macrophages were higher within the high estrogen reactivity group in all cohorts. Regulatory T cells (Tregs) were lower in TCGA. In the analysis by xCell, M2 macrophages and Tregs were lower within the high estrogen reactivity group in METABRIC and not significant in TCGA and our cohort (). In terms of the other immune cells, resting MAST cells were lower within the high estrogen reactivity group in all cohorts. Γδ T cells were lower in both METABRIC and TCGA. Eosinophils were lower in both METABRIC and our cohorts. Monocytes were higher in TCGA and lower in our cohort. B cells were higher and plasma cells were lower in METABRIC. Activated MAST cells were lower and neutrophils were higher in our cohort. There was no correlation between tumor tissue and blood in lymphocyte, neutrophil, basophil, and monocyte counts (Figure S8). These results indicate that patients with high estrogen reactivity had low CYT and low levels of immunostimulatory cells in BC TME.




Figure 3 | Verification of the relationship between estrogen reactivity and CYT and immune cell fractions. Box plots of the relationship between estrogen reactivity and CYT; left panel and immune cell fractions; right panel in METABRIC (A) and TCGA (B) and our cohort (C) were shown. **** means P < 0.0001, *** means P < 0.001, ** means P < 0.01, and * means P < 0.05. CYT, immune cytolytic activity; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; M1, M1 macrophage; NK, activated NK cells; M2, M2 macrophage; Tfh, follicular helper cells; Tregs, CD4+ regulatory T cells.





Stimulatory and Inhibitory Factors of the Cancer-Immunity Cycle Were Decreased in High Estrogen-Reactive BC

The cancer-immunity cycle (CIC) is a series of self-sustaining stepwise events required to gain efficient control of cancer growth by the immune system (29). We reported that disability of CIC had a significant effect on TME and prognosis of BC patients (18). Here, we explored the relationship between the levels of estrogen reactivity and stimulatory or inhibitory factors of the CIC in all cohorts (Figure 4). In the analysis of stimulatory factors of cancer cells in the CIC, HLA-class I expression was lower in the high estrogen reactivity group in all cohorts. In the analysis of inhibitory factors of cancer cells in the CIC, the expressions of PD1, PD-L1, PD-L2, and IDO1 were lower in the high estrogen reactivity group in all cohorts. These results indicate that stimulatory and inhibitory factors of cancer cells were statistically significantly decreased in the high estrogen reactivity group.




Figure 4 | Stimulatory and inhibitory factors of the CIC in the levels of estrogen reactivity. Box plots of the relationship between estrogen reactivity and stimulatory (HLA-A mRNA) or inhibitory factors (PD-1, PD-L1, PD-L2, and IDO1) of the CIC in METABRIC (A) and TCGA (B) and our cohort (C) were shown. **** means P < 0.0001, *** means P < 0.001, ** means P < 0.01, and * means P < 0.05. CIC, cancer immunity cycle; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; NS, not significant.





Patients With High Estrogen Reactivity Were Associated With Better RFS in All Cohorts

In order to investigate whether estrogen reactivity can serve as a prognostic biomarker, we examined the relationship between the levels of estrogen reactivity and prognosis, which were tested by the Kaplan–Meier method and verified by the log-rank test (Figure 5A). In the METABRIC HR+HER2- cohort, distant recurrence analysis showed that patients with high estrogen reactivity were significantly associated with better prognosis (Figure 5A, P < 0.0001). However, there were no significant differences between the levels of estrogen reactivity and local recurrence (P = 0.11). Patients with high estrogen reactivity were significantly associated with better RFS in TCGA HR+HER2- cohort (P = 0.037) and our cohort (P = 0.05). Despite differences in mortality rates between three cohorts, high estrogen reactivity was associated with better prognosis in the HR+ subtype.




Figure 5 | Analysis of the relationship between estrogen reactivity and survival in METABRIC and TCGA and our cohort. Kaplan-Meier plots of the association of estrogen reactivity with distant RFS in METABRIC (A) and RFS in TCGA (B) and in our cohort (C). RES, recurrence-free survival; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; RFS, recurrent-free survival.






Discussion

Estrogen signals play an important role in the molecular and genomic pathways of the HR+ BC phenotype by affecting the transcriptional modulation of various genes such as proliferation regulators, growth factors, cell cycle, and apoptosis modulators (5, 6). The physical behavior of stromal cells, extracellular matrix, immune cells, macrophages, and soluble factors can modulate tumor cells and the TME to promote cancer survival or progression (8). Therefore, it was of interest to investigate estrogen reactivity in the BC microenvironment. We aimed to test the hypothesis that estrogen reactivity affects immune cells in the TME and gene expression profiles, and survival using GSVA scores of ESTROGEN_RESPONSE_EARLY and ESTROGEN_RESPONSE_LATE on collected data from METABRIC and TCGA BC cohorts and our institutional cohort.

This study generated three interesting results with clinical implications. First, high estrogen reactivity was related to Myc targets, metabolism-related gene sets, cell stress-responsive gene sets, TGF-beta signaling, androgen response, and MTORC1 signaling. Low estrogen reactivity was related to immune-related proteins, IL2-STAT5 signaling, IL6-JAK-STAT3 signaling, KRAS signaling, cell cycle-related gene sets, and EMT (Figure 2). No common pathway associated with the degree of estrogen reactivity in the three cohorts could be found except for estrogen response gene sets. This was a result of stricter cutoff criteria to identify pathways of comparable quality to estrogen reactivity, and the extracted pathways were considered significant, if not common, among the cohorts. Some pathways that have been found to be related to the degree of estrogen sensitivity have been reported as follows: Oxidative phosphorylation is regulated via ERβ in TNBC (30), and the adipogenesis pathway induces higher estrogen-reactive TME, thus enabling mammary tumorigenesis (31). Unfolded protein response signaling promotes a malignant phenotype in BC and can confer tumors with resistance to widely used therapies (32). There is a direct link between mTORC1 and ERα, which further implicates mTORC1 signaling in the pathogenesis of ER-positive BC (33). In the cell cycle, although the molecular mechanism underlying estrogenic regulation of the G1 phase is unclear, current evidence suggests that estrogens may regulate some important molecules required for transition to the S phase (34). Decreased estrogen signaling has been reported to result in potent EMT characterized by significant changes in the expression profile of certain matrix macromolecules (35).

Second, BC with high levels of estrogen reactivity has low immune cytolytic activity and low levels of immunostimulatory cells (Figures 3 and S5-7). It also has low levels of stimulatory and inhibitory factors of the CIC (Figure 4). In GSEA, we confirmed that the degree of estrogen reactivity was related to immune-related proteins (Figure 2). It has been reported that estrogen signals have been implicated in several effects of immunity and autoimmunity (36, 37). These studies further showed that estrogen signals affect the size, maturation, and development of T cells. In CD4+ T cells, estrogen signals are associated with the inhibition of the production of Th1 pro-inflammatory cytokines and the promotion of Th2 anti-inflammatory cytokines. E2 through the ERα pathway also impacts the activation and survival of B cells. Aside from lymphocytes, estrogen exposure delays apoptosis in human neutrophils, causes a reduction in NK cell cytotoxic activity, and modulates different macrophage actions and their metabolism. We showed that low expressions of estrogen-responsive genes were correlated with the presence of lymphocytes with cytolytic activity (18). In summary, lymphocytes, fibroblasts, neutrophils, eosinophils, macrophages, and myeloid-derived suppressor cells present in the TME are disturbed by estrogen signaling, which affects the growth and migration of cancer cells. Further, it has been revealed that the immune response in tumor tissue reflects a series of carefully regulated events that can be optimally addressed as a group rather than individual cells (29). CIC is defined as a series of self-sustaining stepwise events required to gain efficient control of cancer growth by the immune system (29), and the association between CIC and estrogen signaling remains unknown. We showed that high estrogen sensitivity was correlated with CIC dysfunction (18). These results demonstrate that high estrogen reactivity not only reduces the distribution of antitumor immune cells in the TME but also inactivates the antitumor immune system.

Finally, patients with high estrogen reactivity were associated with a better prognosis. We showed that, despite differences in mortality rates between three cohorts, high estrogen reactivity was associated with better prognosis in the HR+ subtype (Figure 5). It has become clear that sets of genes that are associated with increased risk of metastasis mostly represent proliferation, estrogen receptor-associated genes, and immune cell-associated genes (6). We reported that ESTROGEN_RESPONSE_EARLY score was associated with survival in primary and metastatic BC (38). In this study, we proved that the levels of estrogen reactivity, which was calculated more precisely by combining ESTROGEN_RESPONSE_EARLY score and ESTROGEN_RESPONSE_LATE score, was related to the levels of immune cells as described above, and further to distant RFS (Figures 5 and S9). These results demonstrate that high estrogen reactivity is a prognostic factor and can be a means of predicting distant metastases.

Although the study demonstrates promising results, it has limitations. Although we utilized multiple large patient cohorts, this is a retrospective study utilizing publicly available datasets and our own institutional data. Second, each cohort we surveyed has different patient backgrounds and clinical characteristics. In METABRIC and TCGA, some of the clinical factors deemed necessary were missing. TCGA cohort is known to lack comorbidities and therapeutic intervention data. Our institutional cohort has sufficient clinical data but a smaller number of patients. Differences between cohorts were noticeable in “Association of estrogen reactivity with clinical features” and “Gene expression profiles by the levels of estrogen reactivity.” Therefore, it is necessary to verify the  obtained with other large cohorts with sufficient clinical data. Third, we could not investigate the association of the estrogen reactivity with the effects of drugs used in recurrent BC, especially CDK4/6 inhibitors. Finally, this study does not include in vitro or in vivo experiments. Therefore, the mechanism for further understanding the results has not been clarified. For example, it is not clear whether the observed estrogen reactivity is of tumor origin or immune cell origin. It is not clear whether immune infiltration in TME is directly regulated by E2 or indirectly by the E2 response of tumor cells.



Conclusions

We demonstrated the relationship between estrogen reactivity and immune cells and gene expression profiles and survival. We revealed that estrogen reactivity would perturb multiple pathways and high estrogen reactivity would act suppressively against the immune microenvironment and act as a prognostic factor. Based on these reported results, we anticipate that further research can be conducted to establish a greater understanding of the role of estrogen reactivity to TME of BC.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Expression profiles are available in the online data repository Gene Expression Omnibus database (GSE199135). Further inquiries can be directed to the corresponding author.



Ethics Statement

The studies involving human participants were reviewed and approved by the Ethics Committee of Hokkaido University Hospital (protocol code: 14-046, October 3, 2014, Hokkaido, Japan). The patients/participants provided their written informed consent to participate in this study.



Author Contributions

TT conceptualized and performed the analysis and prepared the article. TT, YT, MO, RW and WT performed the analysis. YH and KH provided the data. TT provided the supervision and prepared the article. LY performed the analysis and supervised the analysis. AP and KT prepared the article. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by an NIH grant R01CA160688 to KT, and an NCI grant P30CA016056 involving the use of Roswell Park Cancer Institute’s Bioinformatics and Biostatistics Shared Resources.



Acknowledgments

The authors wish to thank Prof. Yoshihiro Matsuno for providing the immunostaining images.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.865024/full#supplementary-material



Abbreviations

BC, breast cancer; ER+, estrogen receptor positive; E2, estradiol; TME, tumor microenvironment; GSVA; Gene Set Variation Analysis; METABRIC, Molecular Taxonomy of Breast Cancer International Consortium; TCGA, The Cancer Genome Atlas; FFPE, formalin-fixed paraffin-embedded; PgR, progesterone receptor; GSEA, gene set enrichment analyses; NES, normalized enrichment score; FDR, false discovery rate; CYT, immune cytolytic activity; RFS, recurrence-free survival; HR, hormone receptor; HER2, human epidermal growth factor receptor 2; TN, triple negative; IFN, interferon; EMT, epithelial-mesenchymal transition; Tregs, regulatory T cells; CIC, cancer-immunity cycle.



References

1. Spring, LM, Gupta, A, Reynolds, KL, Gadd, MA, Ellisen, LW, Isakoff, SJ, et al. Neoadjuvant Endocrine Therapy for Estrogen Receptor-Positive Breast Cancer: A Systematic Review and Meta-Analysis. JAMA Oncol (2016) 2:1477–86. doi: 10.1001/jamaoncol.2016.1897

2. Yue, W, Wang, JP, Li, Y, Fan, P, Liu, G, Zhang, N, et al. Effects of Estrogen on Breast Cancer Development: Role of Estrogen Receptor Independent Mechanisms. Int J Cancer (2010) 127:1748–57. doi: 10.1002/ijc.25207

3. Frasor, J, Danes, JM, Komm, B, Chang, KC, Lyttle, CR, and Katzenellenbogen, BS. Profiling of Estrogen Up- and Down-Regulated Gene Expression in Human Breast Cancer Cells: Insights Into Gene Networks and Pathways Underlying Estrogenic Control of Proliferation and Cell Phenotype. Endocrinology (2003) 144:4562–74. doi: 10.1210/en.2003-0567

4. Strom, A, Hartman, J, Foster, JS, Kietz, S, Wimalasena, J, and Gustafsson, JA. Estrogen Receptor Beta Inhibits 17beta-Estradiol-Stimulated Proliferation of the Breast Cancer Cell Line T47D. Proc Natl Acad Sci USA (2004) 101:1566–71. doi: 10.1073/pnas.0308319100

5. Segovia-Mendoza, M, and Morales-Montor, J. Immune Tumor Microenvironment in Breast Cancer and the Participation of Estrogen and Its Receptors in Cancer Physiopathology. Front Immunol (2019) 10:348. doi: 10.3389/fimmu.2019.00348

6. Jambet, C. Apologie De Platon : Essais De Meítaphysique.  Grasset, editor. Paris: Broché (1976).

7. Takeshita, T, Yan, L, Asaoka, M, Rashid, O, and Takabe, K. Late Recurrence of Breast Cancer Is Associated With Pro-Cancerous Immune Microenvironment in the Primary Tumor. Sci Rep (2019) 9:16942. doi: 10.1038/s41598-019-53482-x

8. Velaei, K, Samadi, N, Barazvan, B, and Soleimani Rad, J. Tumor Microenvironment-Mediated Chemoresistance in Breast Cancer. Breast (2016) 30:92–100. doi: 10.1016/j.breast.2016.09.002

9. Hanzelmann, 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

10. Cerami, E, Gao, J, Dogrusoz, U, Gross, BE, Sumer, SO, Aksoy, BA, et al. The Cbio Cancer Genomics Portal: An Open Platform for Exploring Multidimensional Cancer Genomics Data. Cancer Discov (2012) 2:401–4. doi: 10.1158/2159-8290.CD-12-0095

11. Rueda, OM, Sammut, SJ, Seoane, JA, Chin, SF, Caswell-Jin, JL, Callari, M, et al. Dynamics of Breast-Cancer Relapse Reveal Late-Recurring ER-Positive Genomic Subgroups. Nature (2019) 567:399–404. doi: 10.1038/s41586-019-1007-8

12. Cancer Genome Atlas N. Comprehensive Molecular Portraits of Human Breast Tumours. Nature (2012) 490:61–70. doi: 10.1038/nature11412

13. Gao, J, Aksoy, BA, Dogrusoz, U, Dresdner, G, Gross, B, Sumer, SO, et al. Integrative Analysis of Complex Cancer Genomics and Clinical Profiles Using the Cbioportal. Sci Signal (2013) 6:l1. doi: 10.1126/scisignal.2004088

14. Liu, J, Lichtenberg, T, Hoadley, KA, Poisson, LM, Lazar, AJ, Cherniack, AD, et al. An Integrated TCGA Pan-Cancer Clinical Data Resource to Drive High-Quality Survival Outcome Analytics. Cell (2018) 173:400–16.e411. doi: 10.1016/j.cell.2018.02.052

15. Liberzon, A, Birger, C, Thorvaldsdottir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The Molecular Signatures Database (MSigDB) Hallmark Gene Set Collection. Cell Syst (2015) 1:417–25. doi: 10.1016/j.cels.2015.12.004

16. Bao, W. Artificial Intelligence Techniques to Computational Proteomics, Genomics, and Biological Sequence Analysis. Curr Protein Pept Sci (2020) 21:1042–3. doi: 10.2174/138920372111201203091924

17. Reynolds, AP, Richards, G, de la Iglesia, B, and Rayward-Smith, VJ. Clustering Rules: A Comparison of Partitioning and Hierarchical Clustering Algorithms. J Math Model. Algorithms (2006) 5:475–504. doi: 10.1007/s10852-005-9022-1

18. Takeshita, T, Torigoe, T, Yan, L, Huang, JL, Yamashita, H, and Takabe, K. The Impact of Immunofunctional Phenotyping on the Malfunction of the Cancer Immunity Cycle in Breast Cancer. Cancers (Basel) (2020) 13(1):110. doi: 10.3390/cancers13010110

19. 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

20. Takeshita, T, Asaoka, M, Katsuta, E, Photiadis, SJ, Narayanan, S, Yan, L, et al. High Expression of Polo-Like Kinase 1 Is Associated With TP53 Inactivation, DNA Repair Deficiency, and Worse Prognosis in ER Positive Her2 Negative Breast Cancer. Am J Transl Res (2019) 11:6507–21.

21. 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

22. 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) 160:48–61. doi: 10.1016/j.cell.2014.12.033

23. Balli, D, Rech, AJ, Stanger, BZ, and Vonderheide, RH. Immune Cytolytic Activity Stratifies Molecular Subsets of Human Pancreatic Cancer. Clin Cancer Res (2017) 23:3129–38. doi: 10.1158/1078-0432.CCR-16-2128

24. Asaoka, M, Ishikawa, T, Takabe, K, and Patnaik, SK. APOBEC3-Mediated RNA Editing in Breast Cancer Is Associated With Heightened Immune Activity and Improved Survival. Int J Mol Sci (2019) 20(22):5621. doi: 10.3390/ijms20225621

25. Katsuta, E, Maawy, AA, Yan, L, and Takabe, K. High Expression of Bone Morphogenetic Protein (BMP) 6 and BMP7 Are Associated With Higher Immune Cell Infiltration and Better Survival in Estrogen Receptorpositive Breast Cancer. Oncol Rep (2019) 42(4):1413–21. doi: 10.3892/or.2019.7275

26. Mcdonald, KA, Kawaguchi, T, Qi, Q, Peng, X, Asaoka, M, Young, J, et al. Tumor Heterogeneity Correlates With Less Immune Response and Worse Survival in Breast Cancer Patients. Ann Surg Oncol (2019) 26:2191–9. doi: 10.1245/s10434-019-07338-3

27. Asaoka, M, Patnaik, SK, Zhang, F, Ishikawa, T, and Takabe, K. Lymphovascular Invasion in Breast Cancer Is Associated With Gene Expression Signatures of Cell Proliferation But Not Lymphangiogenesis or Immune Response. Breast Cancer Res Treat (2020) 181:309–22. doi: 10.1007/s10549-020-05630-5

28. Tokumaru, Y, Oshi, M, Katsuta, E, Yan, L, Satyananda, V, Matsuhashi, N, et al. KRAS Signaling Enriched Triple Negative Breast Cancer Is Associated With Favorable Tumor Immune Microenvironment and Better Survival. Am J Cancer Res (2020) 10:897–907.

29. Chen, DS, and Mellman, I. Oncology Meets Immunology: The Cancer-Immunity Cycle. Immunity (2013) 39:1–10. doi: 10.1016/j.immuni.2013.07.012

30. Sellitto, A, D'agostino, Y, Alexandrova, E, Lamberti, J, Pecoraro, G, Memoli, D, et al. Insights Into the Role of Estrogen Receptor Beta in Triple-Negative Breast Cancer. Cancers (Basel) (2020) 12(6):1477. doi: 10.3390/cancers12061477

31. Liu, E, Samad, F, and Mueller, BM. Local Adipocytes Enable Estrogen-Dependent Breast Cancer Growth: Role of Leptin and Aromatase. Adipocyte (2013) 2:165–9. doi: 10.4161/adip.23645

32. Mcgrath, EP, Logue, SE, Mnich, K, Deegan, S, Jager, R, Gorman, AM, et al. The Unfolded Protein Response in Breast Cancer. Cancers (Basel) (2018) 10(10):344. doi: 10.3390/cancers10100344

33. Alayev, A, Salamon, RS, Berger, SM, Schwartz, NS, Cuesta, R, Snyder, RB, et al. Mtorc1 Directly Phosphorylates and Activates ERalpha Upon Estrogen Stimulation. Oncogene (2016) 35:3535–43. doi: 10.1038/onc.2015.414

34. Foster, JS, Henley, DC, Ahamed, S, and Wimalasena, J. Estrogens and Cell-Cycle Regulation in Breast Cancer. Trends Endocrinol Metab (2001) 12:320–7. doi: 10.1016/S1043-2760(01)00436-2

35. Bouris, P, Skandalis, SS, Piperigkou, Z, Afratis, N, Karamanou, K, Aletras, AJ, et al. Estrogen Receptor Alpha Mediates Epithelial to Mesenchymal Transition, Expression of Specific Matrix Effectors and Functional Properties of Breast Cancer Cells. Matrix Biol (2015) 43:42–60. doi: 10.1016/j.matbio.2015.02.008

36. Lannigan, DA. Estrogen Receptor Phosphorylation. Steroids (2003) 68:1–9. doi: 10.1016/S0039-128X(02)00110-1

37. Cunningham, M, and Gilkeson, G. Estrogen Receptors in Immunity and Autoimmunity. Clin Rev Allergy Immunol (2011) 40:66–73. doi: 10.1007/s12016-010-8203-5

38. Oshi, M, Tokumaru, Y, Angarita, FA, Yan, L, Matsuyama, R, Endo, I, et al. Degree of Early Estrogen Response Predict Survival After Endocrine Therapy in Primary and Metastatic ER-Positive Breast Cancer. Cancers (Basel) (2020) 12(12):3557. doi: 10.3390/cancers12123557




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.


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 Takeshita, Tokumaru, Oshi, Wu, Patel, Tian, Hatanaka, Hatanaka, Yan and Takabe. 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.




ORIGINAL RESEARCH

published: 25 May 2022

doi: 10.3389/fonc.2022.855139

[image: image2]


TRAF4 Inhibits the Apoptosis and Promotes the Proliferation of Breast Cancer Cells by Inhibiting the Ubiquitination of Spindle Assembly-Associated Protein Eg5


Miaomiao Hao 1,2, Jie Zhang 3, Mingfang Sun 4, Kexin Diao 4, Jian Wang 4, Shiping Li 1, Qixue Cao 2, Shundong Dai 2 and Xiaoyi Mi 4*


1 Department of Pathology, College of Basic Medical Sciences, China Medical University, Shenyang, China, 2 Department of Pathology, Shanghai Ninth People’s Hospital, Shanghai JiaoTong University School of Medicine, Shanghai, China, 3 Department of Pathology, School of Basic Medical Sciences, Hebei University, Baoding, China, 4 Department of Pathology, College of Basic Medical Sciences, First Affiliated Hospital, China Medical University, Shenyang, China




Edited by: 

Dirk Geerts, University of Amsterdam, Netherlands

Reviewed by: 

Alexandra Daks, Institute of Cytology, Russian Academy of Sciences (RAS), Russia

Eloy Andres Perez Yepez, National Cancer Institute, Mexico

Amjad Ali, University of Massachusetts Medical School, United States

*Correspondence: 

Xiaoyi Mi
 xymi@cmu.edu.cn

Specialty section: 
 This article was submitted to Breast Cancer, a section of the journal Frontiers in Oncology


Received: 14 January 2022

Accepted: 19 April 2022

Published: 25 May 2022

Citation:
Hao M, Zhang J, Sun M, Diao K, Wang J, Li S, Cao Q, Dai S and Mi X (2022) TRAF4 Inhibits the Apoptosis and Promotes the Proliferation of Breast Cancer Cells by Inhibiting the Ubiquitination of Spindle Assembly-Associated Protein Eg5. Front. Oncol. 12:855139. doi: 10.3389/fonc.2022.855139



Tumor necrosis factor receptor associated factor 4 (TRAF4) is a RING domain E3 ubiquitin ligase that mediates the ubiquitination of various proteins and plays an important role in driving tumor progression. By studying the relationship between TRAF4 and Eg5, a member of the kinesin family that plays a critical role in spindle assembly, we demonstrated that TRAF4 regulated Eg5 ubiquitination and contributed to Eg5-mediated breast cancer proliferation and inhibited breast cancer apoptosis. TRAF4 and Eg5 were both highly expressed in breast cancer and their protein level was positively correlated. Relying on its Zinc fingers domain, TRAF4 interacted with Eg5 in the cytoplasm of breast cancer cells. TRAF4 was a mitosis-related protein, and by up-regulating the protein level of Eg5 TRAF4 participated in spindle assembly. Loss of TRAF4 resulted in monopolar spindles formation, but loss of function could be rescued by Eg5. Relying on its RING domain, TRAF4 up-regulated Eg5 protein levels by inhibition of Eg5 ubiquitination, thus stabilizing Eg5 protein level during mitosis. Furthermore, we found that Smurf2, a TRAF4-targeted ubiquitination substrate, mediated the regulation of Eg5 ubiquitination by TRAF4. TRAF4 inhibited the interaction between Smurf2 and Eg5, and down-regulated the protein level of Smurf2 by promoting its ubiquitination, thereby inhibited the Smurf2-catalyzed ubiquitination of Eg5 and up-regulated Eg5 protein levels. We also demonstrate that TRAF4 plays an important role in promoting cell proliferation and in inhibiting cell apoptosis induced by Eg5. In summary, our study suggests a new direction for investigating the role of TRAF4 in driving breast cancer progression.
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Introduction

The tumor necrosis factor receptor-associated factor (TRAFs) family was originally identified as an adaptor or transducer protein that couples TNF receptors and Toll/interleukin-1 family members to signaling pathways (1, 2). The family members share a C-terminal TRAF homology domain, which mediates their interaction with the TNF receptor super family, thereby activating signal pathways such as NF-κB and MAPK, and participating in the regulation of cell apoptosis, immune response and other life activities (3–6). TRAFs are expressed differently in different human tissues and diseases. Studies have confirmed that TRAF2, TRAF4 and TRAF6 are highly expressed in malignant tumor tissues and play an important role in promoting tumor progression (7, 8).

TRAF4 is a special member of the TRAFs family, since TRAF4 interacts weakly with a few TNF-R family (3–6). TRAF4 protein was discovered in breast cancer-derived metastatic lymph nodes (9). Follow-up studies have found that TRAF4 is overexpressed in a variety of tumor tissues and plays an important role in promoting tumorigenesis and regulating tumor cell proliferation, apoptosis, migration, invasion and other biological behaviors (10–14). It has been reported that TRAF4 can enhance the nuclear protein level of PRMT5 in breast cancer cells, thereby promoting the proliferation of breast cancer cells (15). In endometrial cancer, TRAF4 activates the PI3K/AKT signaling pathway and promotes tumor proliferation and migration (16). Like other family members with the exception of TRAF1, TRAF4 contains a RING domain, which has E3 ubiquitin ligase activity, and participates in regulating the ubiquitination of multiple proteins (17). Ramesh et al. have found that TRAF4 enhances the kinase activity of the NGF receptor TrkA by promoting its ubiquitination, thereby promotes the invasion and metastasis of prostate cancer (18). In addition, it has been reported that TRAF4 participates in regulating tumor microenvironment. TRAF4 promotes the epithelial-mesenchymal transition of non-small cell lung cancer and enhances the proliferation and invasion of tumor cells (19). Xu et al. have found that TRAF4 interacts with many apoptosis-related proteins (20), but the relevant mechanism is still unclear.

To further investigate the putative function of TRAF4, a yeast-two hybrid screen and immunoprecipitation/mass spectrometry were performed by Rozan et al., and several candidate interacting proteins were identified, including mitosis-associated protein Eg5 (21).

The mitotic spindle is a complex organelle consisting of microtubules, motor proteins, nonmotor microtubule-associated proteins, and various other signaling molecules. The formation of a bipolar spindle is crucial for faithful chromosome segregation, ensuring the accurate transmission of genetic information (22). Eg5, a member of the kinesin family, plays a critical role in this process (23, 24). In prophase Eg5 is enriched at spindle poles, while in metaphase and anaphase, Eg5 localizes to antiparallel overlap microtubules in the midzone (25). By cross-linking and sliding of anti-parallel microtubules, Eg5 helps to generate an outward force, which is essential for centrosome separation and bipolar spindle assembly during early mitosis (26–29). Eg5 inhibition results in the formation of monopoles and cells apoptosis (30, 31).

In addition to its role in spindle assembly, Eg5 has been reported to play a role in tumorigenesis (32), and Eg5 is highly expressed in various tumor tissues and cells (33–36). Inhibition of Eg5 suppresses tumor growth (37), whereas over-protein level of Eg5 leads to chromosomal mis-segregation and genomic instability in transgenic mice (23). Therefore, exploring the molecular mechanism of the regulation of Eg5 protein level has important implications.

These results suggest that TRAF4 plays an important role in mitosis spindle assembly by regulating Eg5. TRAF4 up-regulates Eg5 protein levels by inhibiting Eg5 ubiquitination, thus preventing Eg5 degradation (and associated mitotic defects), and in doing so TRAF4 promotes breast cancer cell proliferation and inhibits breast cancer cell apoptosis.



Materials and Methods


Patients and Tissue Samples

Breast cancer tissue samples were obtained from patients at the First Affiliated Hospital of China Medical University. Prior informed consent was obtained. All procedures were conducted with the approval of the Ethics Review Committee at the First Affiliated Hospital of China Medical University. All tumor specimens were surgically resected. None of the patients had received chemotherapy or radiotherapy before tumor excision. The pathologic diagnoses were independently identified by three pathologists, based on the World Health Organization guidelines.



Immunohistochemistry

Surgically removed tumor specimens were fixed in 10% neutral formalin and embedded in paraffin. The specimens were then cut into 4-μm thick sections and baked in an oven at 70°C for 2 h. The tissue sections were dewaxed in xylene, absolute ethanol, gradient alcohol, and distilled water, and then boiled in 0.01M citrate buffer (pH 6.0) at high temperature and pressure for 2min. Endogenous peroxidase activity was blocked with 0.3% hydrogen peroxide, and non-specific binding was blocked with 5% normal goat serum for 30min at 20°C. Tissue sections were then incubated with TRAF4 rabbit polyclonal antibody (H2818, 1:100, Santa Cruz Biotechnology) and Eg5 rabbit polyclonal antibody (ab37814, 1:100, Abcam) at 4°C overnight. Immunochemical reactions were developed using an Elivision super HRP (mouse/rabbit) immunohistochemistry kit (Maixin-Bio, Shenzhen, China) and 3,3-diaminobenzidine (DAB). The nuclei were stained with hematoxylin, and then the sections were dehydrated in ethanol before mounting. TRAF4 and Eg5 protein level levels were evaluated based on the percentage of positive cells (PP) and staining intensity (SI) within the whole tissue section. Staining intensity was evaluated semi-quantitatively using the immune response score (IRS) and calculated using the equation: IRS = PP × SI. PP:0 = no staining; 1 = 1–25%; 2 = 26–50%; 3 = 51–75%; and 4 = 76–100%. SI: 0 = no staining; 1 = weak; 2 = moderate; 3 = strong staining. Each case was then defined as negative (IRS < 3), low protein level (3 = < IRS < 6), or high protein level (6 = < IRS ≤ 12).



Cell lines and Cell Culture

The non-tumorigenic mammary epithelial cell line MCF-10A, and the breast cancer cell lines MCF-7, MDA-MB-231, SK-BR-3, and MDA-MB-453 were obtained from the Shanghai Cell Bank of the Chinese Academy of Sciences (Shanghai, China) and identified by short tandem repeat (STR) DNA analysis. MCF-10A cells were cultured in 1:1 Dulbecco’s modified Eagle’s medium (DMEM)/F12 (Gibco, Waltham, MA, USA) supplemented with 5% serum, 10μg/mL insulin (Sigma-Aldrich Co, St. Louis, MO, USA), and 20 ng/mL epidermal growth factor (EGF). MCF-7, SK-BR-3 and MDA-MB-453 cells were cultured in DMEM (Gibco, Waltham, MA, USA) supplemented with fetal bovine serum (FBS). MDA-MB-231 cells were cultured in L15 (Gibco, Waltham, MA, USA) supplemented with 10% FBS. All cells were cultured at 37°C in a humidified incubator with 5% CO2.



Plasmid, si-RNA, and Transfection

Plasmids for full-length TRAF4 (wild type, WT) were purchased from MiaolingBio (Wuhan, China), TRAF4 Zinc fingers domain deletion mutant (TRAF4 ΔZn) provided by Dr. Bert W. O’ Malley. Plasmids for TRAF4 RING domain deletion mutant (TRAF4 ΔR), TRAF4 TRAF domain deletion mutant (TRAF4 ΔT) and HA-ubiquitin were purchased from Addgene (Cambridge, USA). Plasmids for Eg5 were purchased from OriGene (Rockville, MD, USA). TRAF4 si-RNA, Smurf2 si-RNA, and Eg5 si-RNA were purchased from RiboBio (Guangzhou, China). Eg5 sh-RNA were purchased from GenePharma (Suzhou, China). Cells were transfected with plasmids using the Attractene Transfection Reagent or with si-RNA using HiPerFect Transfection Reagent (Qiagen, Hilden, Germany) according to the manufacturer’ s protocols. The empty plasmid and scrambled sequences were used as controls.



Western Blot Analysis

Total protein was extracted from cell lines using lysis buffer (Thermo Fisher Scientific), containing a protease and phosphatase inhibitor cocktail (Beyotime, Shanghai, China), and quantified using the Bradford method. Next, 40 µg of protein was subjected to sodium dodecyl sulfate polyacrylamide gel electrophoresis (8%), and the separated proteins were transferred to polyvinylidene fluoride membranes (EMD Millipore, Billerica, MA, USA). After blocking with 5% non-fat milk in PBS, the membranes were incubated overnight at 4°C with primary antibodies against: TRAF4 (H2818, 1:100, Santa Cruz Biotechnology), Eg5 (1:1000), Smurf2 (F0641, 1:100, Santa Cruz Biotechnology), HA (TA180128S, 1:1000, Origene), α-tubulin (ab52866, 1:1000, Abcam), Caspase-3 (M005851F, 1:1000, Abmart), Bcl-2 (T40056F, 1:1000, Abmart), Bax (T40051F, 1:1000, Abmart), Ki67 (550609, 1:1000, BD Pharmingen), GAPDH (AF0006, 1:2000, Beyotime) and β-actin (1:2000, Beyotime). Next, the membranes were incubated with secondary HRP-conjugated antibody, anti-mouse immunoglobulin G (IgG), or anti-rabbit immunoglobulin (1:2000, Santa Cruz Biotechnology) at 37°C for 2h. Finally, antibody binding wasvisualizedusing electro-chemiluminescence (Thermo Fisher Scientific), and quantified using ImageJ (National Institute of Health, Bethesda, MD, USA).



Co-Immunoprecipitation

Cell lysates were obtained as described above and precleared by rocking for 2h at 4°C with 20 μL (50% slurry) agarose A/G beads. After the beads were removed, the lysates were incubated with the appropriate antibodies (1–2 μg antibodies per 200 μg protein) at 4°C overnight. Next, 20 μL(50% slurry) agarose A/G beads was added and the samples were rocked for 6 h at 4°C. Finally, the immune complexes were washed with cell lysis buffer and protein bands were detected using immunoblotting assays.



Immunofluorescence Staining

Breast cancer cells were cultured in 24-well plates for 24 h. The cells were fixed in 4% paraformaldehyde for 15min, and then treated with 0.2% Triton X-100 for 15min to ensure permeabilization. After blocking in 3% BSA for 1h at room temperature, the cells were incubated overnight at 4°C with primary antibodies against: TRAF4 (5100900, 1:100, BD Pharmingen), Eg5 (1:100), and α-tubulin (1:100). Next, the cells were incubated with a tetramethylrhodamine-labeled secondary antibody for 2h at room temperature in the dark. The nuclei were then stained with DAPI. Finally, representative images were captured using an Olympus LH100-3 microscope (Olympus, Tokyo, Japan).



Cell Proliferation and Colony Formation Assays

Cell viability was measured by the mitochondrial reduction of 3-[4,5-dimethylthiazole-2-yl]-2,5-diphenyltetrazolium bromide (MTT) assay. Cells (3,000 cells/well) were seeded in 96-well plates in medium containing 10% FBS. Samples were treated with MTT solution (10 μL/well) for 4 h. The medium was aspirated from each well and 150μL DMSO was added. The absorbance was then measured at 490nm using a microplate reader. The OD value of a blank was subtracted from the absorbance obtained at each given time. We then calculated the relative ratio, and used these values to plot the cell proliferation curve. For colony formation experiments, cells (1,000/dish) were seeded in 40mm dishes and incubated for 10–15 days. The cells were then fixed with methanol and stained with crystalviolet. The number of colonies with >50 cells was counted.



Animal Experiments

MCF-7 Cells stably transfected with TRAF4 or co-transfected with TRAF4 and Eg5 sh-RNA were selecting by G418 and Puromycin. Female BALB/c nude mice between five and six weeks of age (Charles River, Beijing, China) were randomly divided into three groups, with five mice in each group and subcutaneously in oculated with 1×107/0.2mL MCF-7, MCF-7/TRAF4 or MCF-7/TRAF4-shEg5 cells. Measured and recorded the tumor volume every 3 days (Tumor volume=1/2 length×width2). The animal study was reviewed and approved by the Animal Research Ethics Comittee of China Medical University.



Statistical Analyses

The Pearson chi-square test and Fisher’s exact test were used to analyze the relationship between TRAF4 and Eg5 protein level. Differences between the groups were analyzed using a paired t-test. Differences with P-values <0.05 were considered statistically significant. All experiments were performed at least three times.




Results


The Protein Level of TRAF4 and Eg5 are High in Breast Cancer, and are Positively Correlated

To explore the association between TRAF4 and Eg5 in human breast cancer, we compared the protein level of Eg5 and TRAF4 in normal breast tissue (NBT) (n=16) and in breast cancer tissue (BCT) (n=78). As shown in Table 1, TRAF4 and Eg5 were either negative or only weakly expressed in normal breast epithelial cells. However, the protein level of both proteins were high in breast cancer cells (Figure 1A). We analyzed the association between the protein level of TRAF4 and the Eg5 and found that the protein level of Eg5 and TRAF4 are positively correlated (r=0.7423, p<0.0001; Figure 1B; Table 2). To confirm these results, we detected the protein level of Eg5 and TRAF4 in matched normal and breast cancer fresh tissues from 16 patients. Consistent with the previous results, the protein level of Eg5 and TRAF4 were high in breast cancer tissues (in comparison with matched normal tissues), and a positive correlation between them was observed (p<0.05, Figure 1C). When we compared Eg5 and TRAF4 protein level in a non-malignant breast epithelial cell line (MCF-10A) and in breast cancer cell lines (MDA-MB-231, SK-BR-3, MCF-7and MDA-MB-453), we obtained a similar result (Figure 1D). These results indicate that the protein level of TRAF4 and Eg5 are both high in human breast cancer tissues and breast cancer cell lines, and positively correlated, which suggests that TRAF4 and Eg5 may play a promoting role in the occurrence and development of breast cancer.


Table 1 | The protein level of TRAF4 and Eg5 in tissue.






Figure 1 | TRAF4 and Eg5 are highly expressed in breast cancer and there is a positive correlation between TRAF4 and Eg5 protein level levels. (A) Immunohistochemical analysis demonstrating the protein level and localization of TRAF4 and Eg5 in normal breast tissue (NBT) and breast cancer tissue (BCT). Bar, 20μm. (B) The protein level of Eg5 was positively correlated with TRAF4 protein level levels in breast cancer patient tissue. Bar, 20μm. (C) Protein level and correlation of TRAF4 and Eg5 in 16 breast cancer patient tissues and paired normal tissues, as detected by western blot. α-tubulin was used as an internal control.  ****p < 0.0001. (D) protein level of TRAF4 and Eg5 in non-malignant breast epithelial cell line MCF-10A and breast cancer cell lines MDA-MB-231, SK-BR-3, MCF-7 and MDA-MB-453, as analyzed by western blot. GAPDH was used as an internal control. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01).




Table 2 | Correlation between TRAF4 and Eg5 protein level in breast cancer tissue.





TRAF4 Interacts With Eg5 and Up-Regulates Eg5 Protein Level

Eg5 was previously identified as a candidate TRAF4 interacting protein through a yeast-two hybrid screen (22). To confirm that this interaction also occurred in breast cancer cells, we firstly investigated the location of TRAF4 and Eg5 in MDA-MB-231, SK-BR-3, MCF-7 and MDA-MB-453 breast cancer cells, and found both TRAF4 and Eg5 have cytoplasmic localization in these cells (Figure 2A). Then we extracted proteins from MCF-7 and MDA-MB-231 cells and performed co-immunoprecipitation using antibodies against TRAF4 or Eg5 followed by immunoblotting. The results demonstrated that TRAF4 co-immunoprecipitated with Eg5 in both MCF-7 and MDA-MB-231 cells (Figure 2B). To further investigate the effect of the interaction between TRAF4 and Eg5, we transfected TRAF4 protein level vector into MCF-7 and MDA-MB-231 cells and detected the Eg5 protein level through western blot analysis, the results showed that the protein level of Eg5 was up-regulated. Furthermore, transfection of TRAF4 si-RNA resulted in a reduction in Eg5 protein protein level (Figure 2C). The above results demonstrate that TRAF4 and Eg5 interact with each other in the cytoplasm of breast cancer cells. TRAF4 up-regulates the protein level of Eg5, which suggests that Eg5 is a downstream protein of TRAF4, and the cancer-promoting effect of TRAF4 may be achieved by regulating the protein level of Eg5.




Figure 2 | TRAF4 interacts with Eg5 and up-regulates the protein level of Eg5. (A) Immunofluorescence assays demonstrated the distribution of endogenous Eg5 and TRAF4 using antibodies against TRAF4 (red) and Eg5 (green). Cell nuclei were stained by DAPI. Bar, 50μm. (B) TRAF4 interacted with Eg5. Co-immunoprecipitation assays were performed on MCF-7and MDA-MB-231 cell lysates using antibodies against TRAF4 or Eg5, followed by immunoblotting. (C) TRAF4 up-regulated Eg5 protein levels. Proteins were extracted from cells transfected with TRAF4 protein level vector or TRAF4 si-RNA.Western blot assays were used to demonstrate the protein level of TRAF4 and Eg5. GAPDH was used as an internal control.





TRAF4 is Involved in Spindle Assembly Through Regulating the Protein Level of Eg5

Since Eg5 is a mitotic associated protein, we investigated whether TRAF4 also plays a role during mitosis. We detected the protein level of TRAF4 and Eg5 in MCF-7 cells released from double thymidine block (DTB) for different periods of time. As observed with Eg5 (Figure 3A), the protein level levels of TRAF4 exhibited a slight increase 8–10 h after DTB release, suggesting that TRAF4 may be a cell cycle regulated protein. We further investigated the location of these two proteins in mitotic MCF-7 cells, and found that TRAF4 was localized with Eg5 throughout every stage of mitosis (Figure 3B).




Figure 3 | TRAF4 is involved in spindle assembly through regulating the protein level of Eg5. (A) MCF-7 cells were synchronized by double thymidine block, and were collected at 0, 3, 6, 8, 10, 12 and 14 hours after release. Western blot assays were used to demonstrate the protein level of TRAF4 and Eg5. GAPDH was used as an internal control. (B) Co-localization of endogenous TRAF4 and Eg5 during different phases of mitosis in MCF-7 cells. TRAF4 and Eg5 were detected by immunofluorescence assay using antibodies against TRAF4 (red) and Eg5 (green). Bar, 20μm. (C) MCF-7 cells were synchronized by double thymidine block and transfected with or without TRAF4 si-RNA. Collected the cells at the time mentioned above and protein level were analyzed by western blot. Data represent mean ± SD (n = 3). (*p< 0.05). (D) Depletion of TRAF4 and Eg5 led to monopolar spindle formation. Synchronized MCF-7 cells were transfected with the indicated si-RNAs. Immunofluorescence assays were used to evaluate spindle morphology using antibodies against α-tubulin. Chromosomes were stained by DAPI. Bar, 20μm. (E) Summary of the frequency of monopolar spindles in MCF-7 cells transfected with control si-RNA, TRAF4 si-RNA or Eg5 si-RNA. **p < 0.001. (F) Summary of the frequency of monopolar spindle in MCF-7 cells transfected with control si-RNA or TRAF4 si-RNA with or without Eg5 protein level vector. Data represent mean ± SD (n = 3). (*p< 0.05).



We then detectected the protein level of Eg5 in thymidine synchronized MCF-7 cells which were transfected with or without TRAF4 si-RNA. The results showed that the protein level of Eg5 during 8-10h after DTB release was significantly reduced in TRAF4-depleted cells comparing with in control cells (Figure 3C). These data indicate that TRAF4 mainly positively regulates the protein level of Eg5 protein during mitotic phase, and may be involved in the regulation of cell mitosis by up-regulating the protein level of Eg5.

As previously stated, Eg5 drives bipolar spindle assembly by participating in centrosome separation, and inhibition of Eg5 causes monopolar spindle formation (23, 24). To confirm this result, we transfected Eg5 si-RNA into MCF-7 cells (Figure S1) and performed immunofluorescent staining using an antibody against α-tubulin to examine the mitotic spindle. We observed a higher frequency of monopolar spindle formation (Figures 3D, E). Since we have verified that TRAF4 regulated the protein level of Eg5 protein during mitotic phase, we hypothesized that TRAF4 plays a role in spindle assembly. We transfected TRAF4 si-RNA into MCF-7 cells and performed immunofluorescent staining using an antibody against α-tubulin to examine the mitotic spindle. We observed a higher frequency of single spindle formation, which could be partially rescued by co-transfection ofthe Eg5 protein level vector (Figures 3D–F). These results provide evidence that TRAF4 participates in spindle assembly through regulating the protein level of Eg5.



TRAF4 Up-Regulates Eg5 by Inhibiting Eg5 Ubiquitination

Next, we investigated the mechanism by which TRAF4 regulating Eg5. To identify the potential interaction domain of TRAF4 and Eg5, we transfected wild type TRAF4, RING domain deleted (TRAF4ΔR); Zinc fingers domain deleted (TRAF4ΔZn) or TRAF domain deleted (TRAF4ΔT) mutants into MCF7, and carried out co-immunoprecipitation experiment. As shown in Figure 4A, TRAF4 with RING domain deletion mutant and TRAF4 with TRAF domain deletion mutant could still interact with Eg5, while TRAF4 with Zinc fingers domain deletion mutant could not be dragged down by Eg5 antibody. These results suggested that Zinc fingers domain of TRAF4 was essential for the interaction between TRAF4 and Eg5.




Figure 4 | TRAF4 up-regulates Eg5 by inhibiting Eg5 ubiquitination. (A) MCF-7 cells were transfected with wild type TRAF4, TRAF4ΔR, TRAF4ΔZn or TRAF4ΔT. Co-immunoprecipitation assays were performed using antibodies against Eg5, followed by immunoblotting. (B) Proteins were extracted from MCF-7 cells transfected with wild type TRAF4, TRAF4ΔR, TRAF4ΔZn or TRAF4ΔT. Western blot assays were used to demonstrate the protein level of TRAF4 and Eg5. GAPDH was used as an internal control. (C) TRAF4 inhibited the ubiquitination of Eg5. MCF-7cells were co-transfected as indicated. Co-immunoprecipitation was carried out to detected the ubiquitination levels of Eg5, followed by western blot analysis using an antibody against HA. (D) TRAF4 protected Eg5 from proteasome-dependent pathway degradation. MCF-7 cells were transfected with TRAF4 si-RNA treated with DMSO or MG132. Western blot assays were performed to evaluate changes in the protein level of TRAF4, Eg5 and GAPDH. Data represent mean ± SD (n = 3). (*p< 0.05). (E) MCF-7 cells synchronized by thymidine were transfected with Negative control si-RNA or TRAF4 si-RNA, and released in the G2/M phase. Added Cycloheximide at a final concentration of 50mg/ml, and collected cells after 0, 15, 30, 45 and 60 minutes respectively. Western blot assays were performed to evaluate changes in the protein level of TRAF4, Eg5 and GAPDH. (F) Regulation of Eg5 ubiquitination level by TRAF4 was dependent on its RING domain. MCF-7cells were co-transfected with HA-ubiquitin and empty vector or TRAF4 vector or TRAF4 RING domain deletion mutant vector. Co-immunoprecipitation was carried out to detected the ubiquitination levels of Eg5, followed by western blot analysis using an antibody against HA.



To confirm which domain of TRAF4 was responsible for up-regulating Eg5, we transfected wild type TRAF4 or domain-deleted mutants into MCF-7, and detected the protein level of Eg5 by western blot. The results showed that either over-expressing wild type TRAF4 or TRAF4ΔT could up-regulated Eg5 protein, while TRAF4ΔZn could not regulate Eg5 protein protein level levels, and to our surprise, RING domain deleted also resulted in TRAF4 losing the function of up-regulating the protein level of Eg5 (Figure 4B).

Since RING domain of TRAF4 has E3 ligase activity and is involved in the regulation of Eg5 protein level. We determined whether TRAF4 regulated Eg5 through affecting its ubiquitination. We transfected HA-ubiquitin and TRAF4 protein level vectors or TRAF4 si-RNA into MCF-7 cells and performed a ubiquitination assay. Eg5 ubiquitination levels were then detected by co-immunoprecipitation using an antibody against Eg5, followed by western blot analysis using antibodies against HA. Compared with the control group, over-protein level of TRAF4 reduced Eg5 ubiquitination. Moreover, inhibition of TRAF4 enhanced the ubiquitination of Eg5 (Figure 4C). These data indicated that TRAF4 inhibited the ubiquitination of Eg5. To confirm this result, we transfected TRAF4 specific si-RNA into MCF-7 cells treated with DMSO or MG-132, and detected Eg5 protein levels through western blot analysis. We found that when the proteasome-dependent pathway was blocked, the down-regulation of Eg5 caused by TRAF4 knockdown was greatly weakened (Figure 4D).

In order to explore the significance of the inhibition of Eg5 ubiquitination by TRAF4 during mitosis, we transfected TRAF4 si-RNA into thymidine synchronized MCF-7 cells, and released them in the G2/M phase. Then we carried out cycloheximide protein tracking experiments to detected the half-life of Eg5 during mitosis. The result showed that the Eg5 protein started to decrease at 60 minutes in the control group, while after depleting TRAF4 the time was advanced to 30 minutes (Figure 4E). These results indicate that depleting TRAF4 leads to a reduction of Eg5 half-life during mitosis, suggesting that TRAF4 improve the stability of Eg5 protein during mitosis through inhibiting the ubiquitination of Eg5.

Furthermore, we transfected HA-ubiquitin and TRAF4 or TRAF4ΔR into MCF-7 cells and performed a ubiquitination assay to investigate whether TRAF4 relies on its RING domain to regulate Eg5 ubiquitination. The result revealed that only wild-type TRAF4, not TRAF4ΔR, could reduce Eg5 ubiquitination (Figure 4F).



Smurf2 Mediates TRAF4 Inhibition of Eg5 Ubiquitination

According to the biogrid database, SMAD-specific E3 ubiquitin protein ligase family member1 (Smurf1) is associated with both TRAF4 and Eg5 (38, 39). However, Smurf1 protein level was constant throughout the cell cycle, while Smurf2, another SMAD-specific E3 ubiquitin protein ligase family member, was highly expressed during mitosis phase in HeLa cells (40). In addition, Smurf2 is also localized at centrosomes (40), and this is coincident with the localization of TRAF4 and Eg5 during the prophase. Thus, we determined whether Smurf2 participates in the regulation of Eg5 by TRAF4. Smurf2 has previously been reported as a substrate of TRAF4 (41).To confirm these results, we performed co-immunoprecipitation and ubiquitination assay in MCF-7 cells and verified that TRAF4 interacted with Smurf2, and down-regulation of TRAF4 leaded to a decrease in the ubiquitination level of Smurf2 (Figures 5A, B and Figure S3). In addition, we detected the protein level of Smurf2 in a non-malignant breast epithelial cell line (MCF-10A) and in breast cancer cell lines (MDA-MB-231, SK-BR-3, MCF-7and MDA-MB-453), as shown in Figure S2.




Figure 5 | Smurf2 mediates TRAF4 inhibition of Eg5 ubiquitination. (A) TRAF4 interacts with Smurf2. Co- immunoprecipitation assays were performed on MCF-7 cells lysates using antibodies against TRAF4 or Smurf2, followed by western blot analysis. (B) TRAF4 promoted the ubiquitination of Smurf2. MCF-7cells were co-transfected with HA-ubiquitin and TRF4 si-RNA. Co-immunoprecipitation was carried out to detected the ubiquitination levels of Smurf2, followed by western blot analysis using an antibody against HA. (C) Smurf2 interacted with Eg5. Co- immunoprecipitation assays were performed on MCF-7 cells lysates using antibodies against Eg5 or Smurf2, followed by western blot analysis. (D) Smurf2 inhibited the protein level of Eg5. The protein level levels of Smurf2, Eg5 and GAPDH in MCF-7cells transfected with Smurf2 si-RNA were evaluated by western blot analysis. Data represent mean ± SD (n = 3). (*p< 0.05, ***p<0.001). (E) Smurf2 promoted the ubiquitination of Eg5. MCF-7cells were co-transfected with HA-ubiquitin and Smurf2 si-RNA. Co-immunoprecipitation was carried out to detected the ubiquitination levels of Eg5, followed by western blot analysis using an antibody against HA. (F) TRAF4 inhibits the interaction between Smurf2 and Eg5. MCF-7 cells were transfected with or TRAF4si-RNA. Co- immunoprecipitation assays were performed using antibodies against Eg5, followed by western blot analysis. (G) TRAF4 regulated the protein level of Eg5 protein level through Smurf2. MCF-7 cells were transfected with control si-RNA or Traf4 si-RNA with or without Smurf2 si-RNA. The protein level levels of Smurf2, Eg5 and GAPDH were analyzed by western blot analysis. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01). (H) Smurf2 mediates TRAF4 inhibition of the ubiquitination of Eg5. MCF-7 cells were co-transfected with HA-ubiquitin protein level vector and TRAF4 si-RNA with or without Smurf2 si-RNA. Eg5 ubiquitination levels were detected following co-immunoprecipitation using antibodies against Eg5 by western blot analysis using an antibody against HA.



Then we carried out co-immunoprecipitation using antibodies against Smurf2 or Eg5, followed by immunoblotting. We observed that Smurf2 and Eg5 interacted with each other in MCF-7 cells (Figure 5C). To further investigate whether Smurf2 regulates the protein level of Eg5 protein, we transfected Smurf2 si-RNA, and detected the protein level of Eg5 protein by western blot. The results showed that transfection of Smurf2 si-RNA resulted in an increase in Eg5 protein protein level (Figure 5D).

Since Smurf2 is an E3 ubiquitin ligase (42), we examined Eg5 ubiquitination levels in cells co-transfected with HA-ubiquitin and Smurf2 si-RNA, and found a reduction of the polyubiquitinated forms of Eg5 (Figure 5E). The results indicate that Smurf2 down-regulated Eg5 by promoting its ubiquitination.

Based on the above results, we determined whether TRAF4 up-regulated Eg5 by inhibiting the Smurf2-catalyzed ubiquitination of Eg5, thereby up-regulating the protein level of Eg5. We first tested whether the presence of TRAF4 could affect the interacting between Smurf2 and Eg5. We carried out co-immunoprecipitation and found that after TRAF4 was depleted, the interacting between Smurf2 and Eg5 increased significantly. The result indicates that TRAF4 inhibits the interaction between Smurf2 and Eg5 (Figure 5F). To further explore the relationship between TRAF4, Smurf2 and Eg5, we transfected control si-RNA or TRAF4 si-RNA with or without Smurf2 si-RNA into MCF-7 cells, and found that knockdown of Smurf2 reduced Eg5 down-regulation caused by TRAF4 depletion (Figure 5G). Next, we examined whether Smurf2 plays a role in the regulation of Eg5 ubiquitination mediated by TRAF4. We transfected HA-ubiquitin protein level vector and TRAF4 si-RNA with or without Smurf2 si-RNA into MCF-7 cells, and performed co-immunoprecipitation using antibodies against Eg5, followed by western blot analysis using antibodies against HA to detect Eg5 ubiquitination. Smurf2 depletion markedly reduced the up-regulation of Eg5 ubiquitination caused by TRAF4 knockdown (Figure 5H).

These results suggest that TRAF4 regulates the ubiquitination of Eg5 in a smurf2 dependent manner. TRAF4 inhibits the interaction between Smurf2 and Eg5, and down-regulates the protein level of Smurf2 by promoting its ubiquitination, thereby inhibits the Smurf2-catalyzed ubiquitination of Eg5 and up-regulates Eg5 protein levels.



TRAF4 Inhibits the Apoptosis and Promotes the Proliferation of Breast Cancer Cells

We have previously confirmed that TRAF4 plays an important role in the assembly process of the mitotic spindle by up-regulating the protein level of Eg5. Next, we will further study how TRAF4 and Eg5 regulate the biological behavior of tumor cells. We transfected TRAF4 plasmid into MCF-7 and MDA-MB-231 cells, and detected the protein level of apoptosis-related proteins Caspase-3, Cleaved Caspase-3, anti-apoptotic protein Bcl-2 and pro-apoptotic protein Bax. The results showed that over-protein level of TRAF4 caused the protein level of Cleaved Caspase-3 and Bax decrease, while the protein level of Bcl-2 increase. Then we co-transfected TRAF4 plasmid and Eg5 si-RNAs and carried out western blot, and found that the effect on these three proteins caused by over-protein level of TRAF4 was weakened (Figure 6A). The above results indicate that TRAF4 inhibits breast cancer cells apoptosis by up-regulating the protein level of Eg5 protein.




Figure 6 | TRAF4 inhibits the apoptosis and promotes the proliferation of breast cancer cells. (A) TRAF4 inhibits the apoptosis of breast cancer cells. MCF-7 cells and MDA-MB-231 cells were transfected with TRAF4 si-RNA or co-transfected with TRAF4 si-RNA and Eg5 over-protein level plasmid. Western blot assays were used to demonstrate the protein level of apoptosis-related protein. GAPDH was used as an internal control. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01). (B) TRAF4 promotes the proliferation of breast cancer cells. MCF-7 cells and MDA-MB-231 cells were transfected as indicated. Representative images and quantification of colony formation assays. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01). (C) MCF-7 cells and MDA-MB-231 cells were co-transfected as indicated. An MTT assay was performed to assessproliferation activity in MCF-7 cells and MDA-MB-231 cells. Data represent mean ± SD (n = 3). (*p< 0.05). (D) MCF-7 cells and MDA-MB-231 cells were transfected as indicated. Western blot assays were used to demonstrate the protein level of Ki-67, Eg5 and TRAF4. GAPDH was used as an internal control. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01). (E) MCF-7 cells transfected as indicated were transplanted into female athymic nude mice. Tumors size was measured every three days. Data represent mean ± SD (n = 4). (*p< 0.05).



Then we investigated the role of TRAF4 and Eg5 in cell proliferation through cell viability assay and colony formation assays. The results showed that TRAF4 over-protein level promoted MCF-7 and MDA-MB-231 cells proliferation, while co-transfecting TRAF4 plasmid and Eg5 si-RNA significantly reduced the TRAF4-induced proliferation of breast cancer cells (Figures 6B, C). Similarly, we detected an increased protein level of ki-67 in MCF-7 and MDA-MB-231 cells after transfecting with TRAF4 plasmid, and the increased was weakened when we co-transfected TRAF4 plasmid and Eg5 si-RNA (Figure 6D). These results suggest that TRAF4 promotes the proliferation of breast cancer cells by up-regulating Eg5 protein levels. In order to confirm the role of TRAF4 and Eg5 in the development of breast cancer in vivo, we transplanted breast tumours developed from MCF-7 cells, which were stably transfected with empty plasmid or TRAF4 overexpressed pasmid or both TRAF4 overexpressed pasmid and Eg5 sh-RNAs into nude mice. We measured the tumors size every three days and draw growth curves. The results showed that the growth of tumors over-expressing TRAF4 was significantly accelerated, and when Eg5 was depleted at the same time, the promotion effect of TRAF4 on tumor growth was inhibited (Figure 6E), verifying that TRAF4 promotes the proliferation of breast cancer cells by up-regulating the protein level of Eg5.




Discussion

TRAF4, a protein originally discovered in breast cancer-derived metastatic lymph nodes (9), has been shown to play an important role in breast cancer progression (15, 41). Previous studies have confirmed that TRAF4 promoting tumor proliferation, migration, invasion through various pathways (10–14), but the mechanism by which TRAF4 inhibits apoptosis is not yet clear. In the present study, we found that Eg5, which has the function of inhibiting apoptosis, and TRAF4 are both highly expressed in breast cancer, and that the protein level of TRAF4 and Eg5 are positively correlated. We demonstrate that TRAF4 and Eg5 interact with each other, and TRAF4 has a positive regulatory effect on the protein level of Eg5 protein.

Since Eg5 is a mitosis-associated protein, which plays a critical role in bipolar spindle assembly in prophase (4–6), we speculate whether TRAF4 participates in mitosis by up-regulating the protein level of Eg5. We demonstrate that the protein level of TRAF4 during mitosis is higher than that during interphase, suggesting that TRAF4 may be involved in the regulation of cell mitosis. We further find that TRAF4 localizes with Eg5 throughout every stage of mitosis and positively regulates the protein level of Eg5 protein during mitotic phase. Moreover inhibition of TRAF4 results in the formation of monopoles, and this defects could be rescued by Eg5. These results suggest that TRAF4 plays an important role in mitosis by regulating Eg5-media spindle assembly in prophase.

We further explored the molecular mechanism of TRAF4 regulating Eg5. TRAF4 contains three functional domains, including a C-terminal TRAF homology domain, a N-terminal RING domain, and seven Zinc fingers motifs domain. The TRAF domain mainly mediates the interaction between TRAF4 and the members of TNF-R family (3–6); the RING domain has E3 ligase activity and participates in regulating protein ubiquitination (17); the Zinc fingers domain mediates the interaction of TRAF4 with other proteins (43). We confirmed that TRAF4 interacts with Eg5 depending on its Zinc fingers domain. Interestingly, we find TRAF4 up-regulates Eg5 depending not only on Zinc fingers domain but also on RING domain. We further research and reveal that TRAF4 up-regulates Eg5 protein levels by inhibiting Eg5 ubiquitination, and confirm that depleting TRAF4 leads to a reduction of Eg5 half-life during mitosis. These results suggest that TRAF4 improve the stability of Eg5 protein during mitosis through inhibiting the ubiquitination of Eg5.

TRAF4 has E3 ubiquitin ligase activity, but has a negative regulatory effect on the ubiquitination of Eg5. We therefore speculate that the regulation of Eg5 ubiquitination by TRAF4 may be mediated by other proteins. We checked databases and literature and found that Eg5 may interact with Smurf2. Smurf2 is a HECT E3 ubiquitin ligase. As mentioned above, Smurf2 is a known ubiquitination substrate of TRAF4, and it has been shown to mediate TRAF4-induced TGF-β receptor signaling (41). In addition, Smurf2 is a regulator of mitosis. Together with the NEDD9 complex, Smurf2 activates Aurrora A, promoting timely cell entry into mitosis (44). Smurf2 is also required for the spindle assembly checkpoint, mediating Mad2 stabilization (40). In comparison with its role during the S phase and the prometaphase, the function of Smurf2 during prophase is less well understood.

Our study confirm that Smurf2 interacts with Eg5, and down-regulates the protein level of Eg5 by promoting its ubiquitination. We further explore the relationship between TRAF4, Smurf2 and Eg5, and find TRAF4 inhibits the interaction between Smurf2 and Eg5. In addition, inhibition of Eg5 ubiquitination by TRAF4 knockdown is weakened when Smurf2 is depleted. These results suggest that TRAF4 inhibites the interaction between Smurf2 and Eg5, and down-regulates the protein level of Smurf2 by promoting its ubiquitination, thereby inhibites the Smurf2-catalyzed ubiquitination of Eg5 and up-regulated Eg5 protein levels.

Finally, we confirm that through up-regulating the protein level of Eg5, TRAF4 down-regulates the protein level of Cleaved Caspase-3, pro-apoptotic protein Bax, and up-regulates the anti-apoptotic protein Bcl-2, indicating that TRAF4 inhibits breast cancer cell apoptosis by up-regulating the protein level of Eg5 protein. Through cell viability assay, colony formation assays and nude mice tumorigenesis experiment, we demonstrate TRAF4 promotes the proliferation of breast cancer cells by up-regulating Eg5 protein levels. Our study uncovers a new aspect of TRAF4 function in spindle assembly through regulation of Eg5 protein levels during mitosis, providing a new research direction for elucidating the role of TRAF4 in driving breast cancer progression.
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Supplementary Figure 1 | Protein level of Eg5. Proteins were extracted from cells transfected with Eg5 si-RNA.Western blot assays were used to demonstrate the protein level of Eg5. GAPDH was used as an internal control. Data represent mean ± SD (n = 3). (***p<0.001).

Supplementary Figure 2 | Protein level of TRAF4, Eg5 and Smurf2 in non-malignant breast epithelial cell line MCF-10A and breast cancer cell lines MDA-MB-231, SK-BR-3, MCF-7 and MDA-MB-453, as analyzed by western blot. GAPDH was used as an internal control. Data represent mean ± SD (n = 3). (*p< 0.05, **p<0.01, ***p<0.001).

Supplementary Figure 3 | Co-immunoprecipitation assays were performed on MCF-7 cell lysates using antibodies against TRAF4, Eg5 or Smurf2, followed by immunoblotting.
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Breast cancer has become the most common malignant disease in the world according to the International Agency for Research on Cancer (IARC), and the most critical cause of death is distant metastasis. The lung is the extremely common visceral site for breast cancer metastasis. Lung metastasis of breast cancer is not only dependent on the invasive ability of the tumor itself, but also closely relates to the pulmonary microenvironment. In the progression of breast cancer, the formation of specific microenvironment in lungs can provide suitable conditions for the metastasis of breast cancer. Pulmonary inflammatory response, angiogenesis, extracellular matrix remodeling, some chemotherapeutic agents and so on all play important roles in the formation of the pulmonary microenvironment. This review highlights recent findings regarding the alterations of pulmonary microenvironment in lung metastasis of breast cancer, with a focus on various cells and acellular components.
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Introduction

Among female cancers, breast cancer had awfully high morbidity and mortality (1, 2), and was highly malignant, poor prognosis and prone to local recurrence and distant metastasis (3–5). Lung metastasis was a very common distant metastasis of breast cancer, the incidence of which was about 21%~32% (6), and the prognosis of patients with lung metastasis was greatly poor, with a median survival of only 25 months (7). In the process of lung metastasis of breast cancer, the breast cancer cells would undergo several steps, such as leaving the primary lesion, invading the circulatory system, reaching the lung tissues, colonizing in lungs and forming clinically visible metastasis (8, 9). In this series of activities, metastatic breast cancer cells were considered as “seeds”, and the microenvironment in metastatic niche was considered as “soil”. Besides, the formation of metastatic niche was the result of the interaction between “seed” and “soil”. However, previous studies focused on the molecular and functional changes of metastatic cancer cells themselves, ignoring the induction or interference of the microenvironment in the process of metastasis. In recent years, the study of lung microenvironment of breast cancer metastasis showed that the dynamic changes of “soil” in this process were as important as the ability of “seed” itself. Therefore, this review mainly discussed the role of various cells, particularly neutrophils, and acellular elements in pulmonary microenvironment targeting breast cancer lung metastasis (Figure 1).




Figure 1 | The formation of pulmonary microenvironment in lung metastasis from breast cancer. The formation of sites adapted to the survival of metastatic cancer cells is regulated by acellular components and a variety of cells, including neutrophils, vascular endothelial cells, stem cell-like lung cells, immune cells, etc.





Neutrophils in the Pulmonary Microenvironment

By the 1860s, Virchow (10) had found a large number of leukocytes in tumor tissue and established a link between inflammation and cancer. With the further research, the close relationship between inflammation and cancer had gradually been confirmed (10–12). Existing studies displayed that the lung was a relatively open organ of the body to the external environment and was susceptible to various external stimuli to induce inflammation (13–15), and the lung inflammation enhanced tumor metastatic outgrowth in lungs (16). Bacterial lipopolysaccharide (LPS) and Nicotine in cigarettes were well-characterized inducer of lung inflammation (13, 15, 17).

LPS-mediated and cigarette smoke-induced lung inflammation were closely related to breast cancer metastasis to the lungs (18, 19), which was marked by increased neutrophils influx and up-regulation of pro-inflammatory cytokines (16, 20). Also, smoking promoted lung metastasis of breast cancer precisely because lungs continued to be exposed to nicotine, which generated inflammatory microenvironment in lungs (20). Pulmonary inflammatory microenvironment would result in the influx of a vast number of activated neutrophils and the formation of appropriate tumor metastasis niche in lungs. Furthermore, some tumor-promoting neutrophils released lipocalin 2 (LCN2) protein activated by STAT3 to induce tumor metastatic growth (20). Thus, neutrophils might play an important role in pulmonary metastatic microenvironment.


Neutrophil-Dependent Inflammatory Microenvironment in Lungs

Neutrophils were the major circulating leukocytes in human body. Besides, neutrophils were recruited as the first line of defense in the immune response to fight off acute inflammation (21). If pathogens broke through the physical barrier formed by the skin and mucous membranes to enter the tissues, pathogens at the site of infection and macrophages produced signals to activate endothelial cells, which captured circulating neutrophils and induced them to cross the endothelium to bind to the pathogen (21–23). After migration from the blood to the tissues, neutrophil immune function was enhanced, while activated neutrophils produced specific active substances that attracted more inflammatory cells including neutrophils, macrophages and T cells to the site of inflammation and regulate their activity (21, 24). The activated neutrophils delivered lethal blows to pathogens through various mechanisms such as degranulation and release of active proteins. Nevertheless, hyperactivated neutrophils often lead to significant damage to normal tissue (21, 25).

Lung tissues were the main site where many pathogenic microorganisms invaded the body, thus lung tissues were particularly dependent on the surveillance of innate immune cells dominated by neutrophils (26, 27). Besides, lungs were the major neutrophil reservoir. When the lungs were infected, neutrophils leaked from pulmonary circulating capillaries into the lungs, and the neutrophils then activated and engulfed pathogens and released various active substances (28). Neutrophils killed pathogens in lungs by two main mechanisms: oxidative and non-oxidative. The oxidative pathway was the primary mode of pathogen killing by neutrophils through the production of nicotinamide adenine dinucleotide phosphate (NADPH) oxidase system (29). Non-oxidative pathways included various antimicrobial proteins and proteases, such as neutrophil elastase (NE), myeloperoxidase (MPO), alkaline phosphatase (ALP), defensins, lysozyme and neutrophil extracellular traps (NETs), which promoted neutrophils phagocytosis of pathogens, neutrophils migration, and regulated the inflammatory response (30–32).

Although neutrophils played an important role in fighting infections with lung pathogens such as bacteria, fungi and viruses, continuous neutrophil infiltration could facilitate lung metastasis. Neutrophils in lungs could be “hijacked” by cancer cells and helped them spread into lungs.



Molecular Mechanisms of Pulmonary Neutrophils That Promote Lung Metastasis of Breast Cancer

Neutrophils were recruited in the niche and altered their polarization state in the tumor-bearing host, switching from suppressing to promoting roles in tumor metastasis (33, 34). Neutrophils could elicit a metastatic inflammatory microenvironment by suppressing innate and adaptive anti-tumor immunity (35–37). With the increased focus on neutrophils accelerating lung metastasis in recent years, there was accumulating evidence indicating that neutrophils in lungs played a key role in the formation of the metastatic niche in lungs. Signaling factors derived from cancer cells activate neutrophils stored in lungs or recruited neutrophils to migrate into lungs, thereby neutrophils promoted tumor metastasis into lungs and colonize in lungs.

It was found that tumor exosomal RNAs promoted lung metastatic niche formation by activating alveolar epithelial Toll-like receptor 3 (TLR3) to recruit neutrophils (38). TLR3 in host alveolar epithelial cells was critical for neutrophil recruitment and niche formation before lung metastasis (38, 39). In mice with TLR3 deficiency, the incidence of lung metastasis was significantly reduced, and the survival of tumor-bearing mice was significantly prolonged (38). TLR3 was highly expressed in lung epithelial cells (40), and the lung epithelial TLR3 pathway was activated on exposure to virus, fungus, and even cigarettes (41, 42). Interestingly, high epithelial TLR3 expression was correlated with smoke-induced chronic inflammation in lungs (43), which might explain why smoking facilitated lung metastasis of breast cancer as mentioned above.

Liu et al. revealed that the natural immune receptor TLR3 expressed by type II lung epithelial cells could identify the exosomal RNA secreted by tumor into the blood circulation (44–46), thus triggering the expressions of chemokines (CXCL1, CXCL2, CXCL5, and CXCL12) and recruiting neutrophils into the lungs (38). Neutrophils in the bone marrow showed no significant differences in the mice with or without tumor inoculation. It was known that chemokine and its receptor contributed to neutrophil mobilization and recruitment. Moreover, Liu et al. discovered a marked increase in the level of chemokines (CXCL1, CXCL2, CXCL5, and CXCL12) in serum and bronchoalveolar lavage fluid after administration of exosomes, at which time there were no cancer cells in lungs (38). Accordingly, neutrophils might accumulate in the pre-metastatic lung induced by tumor exosomal RNAs.

Additionally, Xiao et al. showed that breast cancer cells secreted cathepsin C exciting neutrophils in lungs and recruiting more neutrophils into lungs to promote lung metastasis of breast cancer (47). Cathepsin C, a significant lysosomal cysteine protease, mediated the maturation process of neutrophil serine proteases, and participated in the inflammation and immune regulation process associated with neutrophils (48). Cathepsin C, derived from breast cancer cells, promoted lung metastasis of breast cancer cells by regulating neutrophil infiltration and the formation of NETs in lungs metastasis microenvironment (47).

Mechanically, tumor-secreted cathepsin C promoted the maturation and release of IL-1β in pulmonary neutrophils by activating the neutrophils membrane localization proteinase 3 (PR3) through enzyme digestion (49, 50). PR3 up-regulated the neutrophils IL-1β/nuclear factor kappa B (NF-κB) signaling pathway and their well-known downstream targets of cytokines such as IL-6 and chemokine (C-C motif) ligand 3 (CCL3), resulting in attracting more neutrophils to migrate into the lungs (47, 51). At the same time, tumor-secreted cathepsin C also up-regulated neutrophils reactive oxygen species (ROS) levels through PR3-IL-1β-P38/mitogen-activated protein kinase (MAPK), inducing the formation of NETs to degrade the anti-tumor factor thrombospondin-1 (Tsp-1) in lungs metastasis microenvironment. NETs enhanced tumor progression by affecting the endothelium, platelets, and the extracellular matrix and even the tumor cells themselves (52–54). Besides, the production of ROS and the formation of NETs supported lung metastasis of breast cancer by downregulating the thrombospondin-1 (Tsp-1) (16, 47). Tsp-1 had been found to protect lung tissues from tumor development (55). Apart from ROS and NETs, Ser proteases, NE and cathepsin G released by neutrophils could target and destroy Tsp-1, thus promoting breast cancer lung metastasis (16, 56, 57).

Bioluminescent imaging analyses showed that cathepsin C-induced elevation of cancer cell signal in lungs was already prominent at the first week after intravenous inoculation, indicating a role of cathepsin C in the early stage of metastatic colonization (47). Nevertheless, within 7 days after inoculation, cathepsin C-enhanced cancer cells had been existed in lungs at the early time points. Thus, it was not confirmed that whether the cathepsin C released by cancer cells reached lungs via blood circulation prior to the migration of cancer cells to lungs and recruit neutrophils, or neutrophils were recruited by releasing cathepsin C after the migration of cancer cells to lungs and established the “congenial soil” for lung metastasis of breast cancer.

In addition to promoting breast cancer cell metastasis through NETs or ROS, neutrophil-derived leukotrienes also promoted cancer cell colonization. Leukotrienes were a natural chemical that promoted inflammation. When leukotrienes released in the body, it could cause constriction of the airways, muscle tightness, and excess mucus and fluid (58). It was known that cancer cells within tumors were heterogeneous and retained different tumorigenic potentials. Metastasis-initiating cells depended on a favorable microenvironment to efficiently growed at the distant site (59–61). Wculek et al. revealed that neutrophil-derived leukotrienes facilitated the colonization of lung tissues by selectively expanding the sub-pool of breast cancer cells that retained high tumorigenic potential (62). Consequently, genetic or pharmacological suppression of arachidonic acid 5-lipooxygenase (ALOX5), which was responsible for leukotrienes synthesis in neutrophils, eliminated the carcinogenic activity of neutrophils and inhibited metastasis formation.

In lungs, not only do pathogens induced the recruitment of neutrophils, but also tumor cells with pulmonary metastasis also released signals to recruit neutrophils. Concordantly, they all drived the recruitment of neutrophils to form the metastatic niche in lungs.




Role of Other Cells in Lung Metastasis Microenvironment of Breast Cancer

The lung microenvironment was a very complex and changeable environment, and the formation of sites adapted to the survival of metastatic cancer cells was regulated by pulmonary inflammatory response, angiogenesis, immune response, extracellular matrix remodeling and so on. Among them, neutrophils played an extremely important part in lung inflammation. Beyond that, there were many other cells involved in the regulation of the reactions described above, including vascular endothelial cells, stem cell-like lung cells, immune cells, etc.


Vascular Endothelial Cells in Lungs

The endothelial cells of the capillaries in lungs were tightly attached (63, 64), unlike the discontinuous endothelial cells in the vascular system of bone, which were easy for other cells to pass through (65). Breast cancer cells must first break through the barrier of capillaries in lungs to colonize and grow. It was found that TGF-β promoted the metastasis of estrogen receptor (ER)-negative breast cancer to the lungs by upregulating the expression of a cytokine called angiopoietin-like protein 4 (ANGPTL4) (66, 67), which blocked the contact between pulmonary vascular endothelial cells (68). Within the tumor microenvironment, TGF-β was produced by macrophages, mesenchymal cells and the cancer cells themselves (66). In breast carcinoma, selective losses of growth inhibitory responses often accrued through alterations downstream of Smad, leaving the rest of the TGFβ pathway operational and open to co-option for tumor progression advantage (69). Cancer cell-derived ANGPTL4 was a TGFβ target in breast cancer, which was involved in the regulation of cancer growth, metastasis and angiogenesis (70). ANGPTL4 was induced by TGF-β through Smad signal transduction pathway (71, 72), which resisted the tight connection and adherent connection of vascular endothelia, destroyed the integrity of capillary wall, increased the permeability of pulmonary capillary, as well as induced tumor cells to exudate from blood vessels and entered the lung tissues for colonization and growth (66, 67).

In other words, disruption of the tight junctions of vascular endothelial cells in lungs provided favorable conditions for the metastasis of cancer cells to the lung. Therefore, factors that damage pulmonary vascular endothelial cells should be taken into account. They might be used as a drug target to prevent lung metastasis of breast cancer, or as a predictive method for patients at high risk for lung metastasis of breast cancer, so that patients could be more closely monitored and more aggressively treated with drugs.



Pulmonary Stem Cells

After successfully entering the lung tissues, breast cancer cells needed the assistance of lung cells for colonization and metastatic growth. Such a cluster of cells existed in lungs, alveolar type 1 (AT1) cells and AT2 cells. They mainly formed the lung’s respiratory units and alveoli (73, 74). During development, AT1 and AT2 cells arose directly from a bipotent progenitor, whereas after birth new AT1 cells derived from rare, self-renewing, long-lived, mature AT2 cells that produced slowly expanding clonal foci of alveolar renewal (74, 75). There was a switch after birth, when AT2 cells function as stem cells that contributed to alveolar renewal, repair and cancer progression (76, 77).

It was reported that breast cancer cells entered the lung tissues in the early phase, the function of AT2 cells as stem cell-like lung cells were enhanced, and various types of lung cells were differentiated, finally forming the metastatic niche suitable for the growth and colonization of breast cancer (78). Ombrato et al. designed a version of a secreted monomeric Cherry red fluorescent protein (mCherry) containing a modified lipo-permeable Transactivator of Transcription peptide (sLP-mCherry) (79, 80), to develop a labelling system where metastatic cancer cells directly identified their neighboring cells in vivo (78). They engineered 4T1 breast cancer cells to express the sLP-mCherry protein alongside a canonical cell-retained Green Fluorescent Protein, which referred to as Labelling-4T1. Notably, when metastasis was formed, the number of mCherry+ niche cells in the tissue was still proportional to the growing metastatic cells. Cherry-niche epithelial cells had a higher proliferative activity compared to their normal lung counterpart. Furthermore, lineage-labelled AT2 cells showed no plasticity in co-culture with CD31+ cells. when exposed to cancer cells, lineage-labelled AT2 cells generated a notable amount of multi-lineage bronchioalveolar organoids, supporting the idea of a reprogramming activity driven by cancer cell-derived factors ex vivo. Concordantly, there were alveolar cell clusters with increased proliferative activity at the metastatic borders of human breast cancer lung metastasis, which suggested that the response of lung parenchyma to metastatic growth might occur in both mice and humans (78). However, it was not known how AT2 cells differentiate into large numbers of cells to support the growth of cancer cells.



T Cells in Lungs

Cancer cells that had metastasized to targeted organs must also evade their immune response in order to colonize and grow. Metastasis of breast cancer cells to lungs and colonization of growth must also create an immune-permitting environment in lungs. T cells had an important impact in regulating immune function. Whereas effector T (Teff) cells promoted immune activation and would drive clearance of infections and cancer, regulatory T (Treg) cells, dependent upon the transcription factor forkhead box protein 3 (Foxp3), suppressed their function, preventing excessive autoimmune and allergic reactions (81, 82).

It was reported that expression of a protein called oxygen-sensing prolyl-hydroxylase (PHD) in T cells inhibited the immune response to cancer cells by interfering with T cells, allowing circulating cancer cells to colonize in lungs (83). In the normal body, the oxygen-sensitive PHD protein in lungs was designed to prevent the inflammatory responses that occurred when innocuous substances were inhaled during daily life (84, 85).

In breast cancer patients, however, the immunosuppressive effect of the oxygen-sensitive PHD protein in the highly oxygenated lung microenvironment opened the door to cancer cells and created a “fertile soil” for their growth. PHD proteins limited pulmonary type helper (Th)-1 responses, promoted CD4+ regulatory T (Treg) cell induction, and restrained CD8+ T cell effector function (83). Clever et al. engineered mice harboring a T cell-specific deletion of all three PHD proteins. Cd4-driven Cre recombinase expression resulted in significant reduction of Egln1, Egln2, and Egln3 mRNA transcripts, which encoded PHD2, PHD1, and PHD3 proteins respectively, in CD4+, CD8+, and NKT T cells, but not in other lymphoid cell subsets. Upon tumor colonization, PHD proteins promoted Treg cell expansion and restrained IFN-γ-dependent clearance of tumors.

The researchers also found that using a drug inhibitor or knocking out the PHD protein in the T-cells of inbred mice stimulated an immune response to cancer cells and inhibited metastasis to the lungs (83). These findings provided a new immunological basis for explaining the susceptibility of breast cancer to lung metastasis.



Myeloid-Derived Suppressor Cells (MDSCs) in Lungs

There was increasing evidence that MDSCs were key components of the pre-metastatic niche and played an important role in tumor cell implantation and metastasis by crafting pre-metastatic niches for proliferation, immunosuppression, and vascular remodeling (86, 87). More importantly, blocking the aggregation of these cells in target organs had been shown to prevent tumor metastasis (88). The initial events responsible for the metastasis process were the expansion of hematopoietic stem cells and progenitor cells in the bone marrow and their differentiation into MDSCs at the site of early metastasis (89, 90). MDSCs accumulated in the pre-metastatic niche also inhibited anti-tumor T cells through Arginase 1 and ROS production (91). In the presence of Breg cells, MDSCs produced more ROS and NO and became more suppressive to CD8+ T cells (92–94).

Carbonic anhydrase IX (CAIX) was one of the most highly expressed genes in the hypoxic environment of solid tumors. CAIX promoted intracellular pH buffering through extracellular CO2 hydration to produce bicarbonate and protons (95). Bicarbonate was transferred into cells by bicarbonate transporters to maintain alkaline intracellular pH conducive to cell survival, while the protons produced contributed to the acidification of the extracellular space and increased the migratory and invasive behavior of the tumor (96). Consistently, CAIX played an important role in the cellular invasion of breast cancer cells (97). Furthermore, CAIX was required for tumor growth and metastasis and maintenance of the stemness phenotype within the hypoxic niche of breast tumors (97, 98). It was found that hypoxia-induced CAIX expression in primary tumors derived from 4T1 breast cancer cells was needed for the production of chemokines and cytokines required for the mobilization of granulocytic MDSCs to a functional metastatic niche in a syngeneic preclinical model of spontaneous breast cancer lung metastasis (95). CAIX promoted the production of known soluble mediators of breast cancer metastasis, CXCL10, CCL5, and G-CSF, by hypoxic breast cancer cells (95). Besides, hypoxia-induced CAIX facilitated the activation of the NF-kB pathway causing the stimulation of G-CSF production to trigger MDSCs infiltration in the lung. Thus, during the early stages of breast cancer metastasis, CAIX promoted the development of the breast cancer lung metastatic niche via accelerating the production of G-CSF to recruit MDSCs.



Macrophages in Lungs

Macrophages were the principal immune cells within the tumor microenvironment and were obligate partners for tumor cell migration and metastasis (99). Normal lung tissue contains an abundance of alveolar and interstitial macrophages (100). At metastatic sites a distinct population of metastasis associated macrophages promoted tumor cell extravasation, seeding and persistent growth (101). It was showed that breast tumor cell-released microparticles (T-MPs) from the primary tumor site played a critical role in the metastatic process. The T-MPs remodeled the lung parenchyma via a macrophage-dependent pathway to create an altered inflammatory and mechanical response to tumor cell invasion (102). Mechanistically, circulating T-MPs readily entered the lung parenchyma where they were taken up by local macrophages and induced CCL2 production. CCL2 recruited CD11b+Ly6Chigh inflammatory monocytes to the lungs where they matured into F4/80+CD11b+Ly6C- macrophages that not only produced IL6 but also triggered fibrin deposition. IL6 and the deposited fibrin facilitated the survival and growth of tumor-repopulating cells in the lungs by providing chemical and mechanical signals, respectively, thus setting the stage for lung metastasis of breast cancer (103).




Effect of Acellular Components on Lung Metastasis Microenvironment of Breast Cancer


Extracellular Matrix Proteins

For years the extracellular matrix proteins was mainly considered to serve as a scaffold, but now it was evident that the extracellular matrix proteins was a critical part of the tumor microenvironment (104). The extracellular matrix proteins regulated cancer cell behavior such as proliferation, adhesion, migration and differentiation (105) and its importance in cancer and metastasis had been extensively reviewed (106, 107).

Periostin was a multifunctional extracellular matrix protein, which was expressed by fibroblasts in the normal tissue and in the stroma of the primary tumor (59). Besides, periostin was closely related to the occurrence and development of a variety of tumors and provided an appropriate site for the metastatic growth of cancer cells by regulating the formation of neovascularization and immune regulation at the metastatic site (108, 109). It was reported that periostin protein derived from tumor fibroblasts determined the lung metastasis efficiency of breast cancer and the size of metastatic cancer. Wnt signaling activity in metastasis was abrogated in the absence of periostin. Wnt was known to control tumor stem cell maintenance in a variety of tissues (110, 111). Similarly, the levels of the general Wnt target gene Axin2 in metastasis in wild-type hosts was higher than in mutant hosts. Periostin acted as a niche component that promoted tumor stem cell maintenance and metastatic colonization by augmenting Wnt signaling (59).

In addition, periostin protein played an important role in the metastasis microenvironment and perivascular niche (112). Periostin promoted the pulmonary accumulation of MDSCs during the early stage of breast tumor metastasis. Periostin deletion decreased neutrophil and monocytic cell populations in the bone marrow of mice and suppressed the accumulation of MDSCs to metastatic sites. Periostin-deficient MDSCs displayed reduced activation of ERK, AKT and STAT3 and periostin deficiency decreased the immunosuppressive functions of MDSCs during tumor progression. Moreover, lysyl oxidase contributed to periostin-promoted metastatic niche formation and tumor metastasis. However, the metastatic role of periostin was largely limited to ER-negative breast cancer patients (113).



Energy and Nutrient Sources for Metastatic Cancer

The metastatic growth of cancer cells required not only the regulation of angiogenesis and immune regulation at the metastatic site, but also the supply of nutrients to satisfy its proliferation and growth (114, 115). It had been found that under the induction of signals released by tumor cells, neutrophils could not only infiltrate into lung tissues to play the role of immune regulation, but also stored a large amount of lipids (116, 117). Once tumor cells migrated to the lung, these lipids could be used as reserve food for tumor cells to promote their colonization and growth. These lipids were not inherent to the neutrophils, but were induced by CD140a+ mesenchymal cells once they reached the lungs (118). Lung mesenchymal cells significantly up-regulated the expression of neutrophil lipid droplet related genes, including Hilpda, Cidec and Atgl (119, 120). These up-regulated triglyceride lipase inhibitors in turn inhibited ATGL enzyme activity, leading to the accumulation of triglycerides in pulmonary neutrophils (118). Neutrophil-specific knockout of Atgl enhanced lipid accumulation in cells and significantly promoted lung metastasis of breast cancer in vivo. In contrast, knockout of Hilpda genes in neutrophils reduced lipid storage and significantly inhibited metastatic colonization of breast tumors (118).



Chemotherapy Drug

In the process of disease progression of cancer, chemotherapy drugs were like a double-edged sword. Although they had contributed to21 adjuvant chemotherapy after surgery or preoperative neoadjuvant chemotherapy, but some chemotherapeutic drugs promote metastasis while killing cancer cells (121, 122). It was found that breast cancer cells spread through recombinant TEK tyrosine kinase (TIE2)/Mammalian-enabled (MENA) pathway dependent infiltrating sites in cancer cells, namely, tumor microenvironment of metastasis (TMEM) (123, 124). Using fixed tissue and in vivo imaging of PyMT mice models and patient-derived xenografts (125), it was found that paclitaxel increased the density and activity of the TMEM site and MENA expression and promoted distant metastasis. Besides, in residual breast cancer patients treated with neoadjuvant paclitaxel after doxorubicin and cyclophosphamide, TMEM score and expression of mechanism related MENAINV subtypes were increased, suggesting that although chemotherapy reduced tumor size, it increased the risk of metastasis and spread (126).

In addition, although paclitaxel was clearly beneficial in reducing tumor size, it increased the circulation of tumor cells in the blood, helping breast cancer cells escape from the primary focus, and directly acted on the lungs, altering the lung microenvironment and helping cancer cells colonize the lungs (127). In metastatic lung, paclitaxel improved the tissue microenvironment in which cancer cells grew, which changed include an increase in inflammatory monocytes and a decrease in cytotoxicity (121, 128, 129). Importantly, these changes in both primary and metastatic lung were dependent on ATF3 stress-inducing genes in non-cancer host cells (127).

After that, exosomes produced by paclitaxel treated cancer cells could promote the release of exosomes from cancer cells, change the lung microenvironment and promote lung metastasis of breast cancer (130). Paclitaxel not only promoted the production of more exosomes in cancer cells, but also promoted the entry of annexin A6 (ANXA6) protein, a non-glycosylated polypeptide chain into exosomes by increasing calcium levels in cancer cells, which contributed to paclitaxel resistance in breast cancer (131). After ANXA6-carrying exosomes were transported to the lungs through blood circulation, they promoted the expression of chemokines in lung tissues and recruited mononuclear macrophages, which were the “agent provocateurs” that helped lung metastasis of breast cancer (132). Macrophages had been shown to play important roles in cancer metastasis. Macrophages were generally categorized into either of two functionally contrasting subtypes, namely classical activated M1 macrophages and alternatively activated M2 macrophages (133, 134). M2 macrophages promoted the occurrence and metastasis of tumor cells, inhibited T cell-mediated anti-tumor immune response, promoted tumor angiogenesis, and leaded to tumor progression (135). Both M1 and M2 macrophages had high degree of plasticity and thus could be converted into each other upon tumor microenvironment changes or therapeutic interventions (133).

In order to verify the effect of ANXA6, the researchers knocked out the ANXA6 gene in breast cancer cells and found that exosomes secreted by paclitaxel-induced cancer cells did not carry ANXA6 and no longer had the function of promoting lung metastasis of tumor (130). Blocking the metastasis promoting function of pulmonary mononuclear macrophages could also prevent paclitaxel-induced lung metastasis of breast cancer (130). In addition to paclitaxel, adriamycin also promoted the entry of ANXA6 into exosomes and facilitated lung metastasis of breast cancer (130). Paclitaxel and adriamycin could be said to be two completely different chemotherapy drugs, both of which promoted tumor metastasis through exosome and ANXA6, perhaps this effect of chemotherapy in promoting metastasis was widespread.




Conclusions and Perspectives

The vast majority of cancer deaths were caused by metastasis (136). Current research suggested that tumor metastasis depended not only on the ability of tumor cells to invade themselves, but also on the formation of a metastatic niche. The construction of the metastatic microenvironment determined whether the tumor cells invading the circulatory system could attach, survived, proliferated and eventually formed metastatic cancer at the distant site of metastasis. Before metastasis of tumor cells, functional domestication of cells and matrix components in target organs of metastasis could be performed to form a microenvironment conducive to tumor cell colonization (137).

With the continuous development of the research on the metastatic microenvironment, results of more and more research on the metastatic lung microenvironment of breast cancer had been reported. Currently, there were in-depth studies on the neutrophils-dependent inflammatory microenvironment in lungs, and the inflammation induced oxidative stress response and promoted angiogenesis, which contributed to the metastatic growth of tumors (138). In addition, in the initial stage of inflammation, the activation of inflammatory factors also triggered vascular dilation, which increased the permeability of the vascular wall, and tumor cells exuded from the blood vessels and colonized as well as grew in the metastatic organs (66, 139). In addition, many cells or soluble factors in lungs were affected by the signals released by breast cancer cells, and then modified the lung microenvironment to make it suitable for the growth of breast cancer. Or cytokines in lungs microenvironment attracted chemotaxis, migration, and colonization of breast cancer cells, thereby promoting lung metastasis of breast cancer.

Although some progress had been made in the study of metastatic lung microenvironment of breast cancer, many mechanisms remained unclear due to the complexity and variability of metastatic microenvironment and high heterogeneity. Many questions needed to be further explored and solved: were these metastatic microenvironments induced by breast cancer or existed before the remodeling of the pulmonary microenvironment? How to optimize in vitro and in vivo experimental model to more accurately simulate the human lung microenvironment? In such a variable lung microenvironment, neutrophils, which were the most deeply studied, not only promoted tumor metastasis by inducing inflammatory lung microenvironment, but also stored nutrients for newly metastasis to lung tumor cells in advance to provide energy for their colonization and growth in lung. In addition, neutrophils could be directly measured in peripheral blood. Could corresponding kits be developed to detect markers of peripheral blood neutrophils, which were used as a monitoring indicator for the prognosis of breast cancer with lung metastasis? In sum, the research results of pulmonary microenvironment would be another major breakthrough in the treatment of lung metastasis of breast cancer and provided a new perspective for the suppression of lung metastasis of breast cancer.

The lung was a common site for metastasis of malignant tumors such as primary bladder cancer, breast cancer, colon cancer, kidney cancer, melanoma, ovarian cancer, pancreatic cancer, osteosarcoma, rectal cancer, gastric cancer, thyroid cancer and endometrial cancer (140). These findings above-mentioned encouraged the design of pre-clinical and clinical studies to examine the benefits of targeting the formation of pulmonary microenvironment in lung metastasis from bladder cancer, colon cancer, kidney cancer and so on, which might be effective in blocking metastatic relapse.
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Abbreviation

LPS, lipopolysaccharide; LCN2, lipocalin 2; NADPH, nicotinamide adenine dinucleotide phosphate; NE, neutrophil elastase; MPO, myeloperoxidase; ALP, alkaline phosphatase; NETs, neutrophil extracellular traps; NF-κB, nuclear factor kappa B; CCL3, chemokine (C-C motif) ligand 3; ROS: reactive oxygen species; Tsp-1, thrombospondin-1; ALOX5, arachidonic acid 5-lipooxygenase; CXCL8, chemokine (C-X-C motif) ligand 8; DKK1, Dickkopf-1; PCP, planar cell polarity; CaMKII, calmodulin-dependent protein kinase II; TGF-β, transforming growth factor-β; PR3, proteinase 3; MAPK, mitogen-activated protein kinase; TLR3, Toll-like receptor 3; ER, estrogen receptor; ANGPTL4, angiopoietin-like protein 4; AT1, alveolar type 1; mCherry, monomeric Cherry red fluorescent protein; Foxp3, forkhead box protein 3; PHD, prolyl-hydroxylase; DAMPs, damp-associated molecular patterns; NLRP3, NOD-like receptor protein 3; MDSCs, marrow derived suppressor cells; CAIX, Carbonic anhydrase IX; MMTV, mammary tumor virus; TIE2, TEK tyrosine kinase; MENA, mammalian-enabled; ANXA6, annexin A6.
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Early detection of metastatic breast cancer (MBC) is a serious issue for the healthcare system. It is essential to develop potential non-invasive, low-cost molecular biomarkers. The present study explored specific serum proteins of inflammatory, MAPK, and cytoskeletal signaling pathways involved in the progression of MBC to establish a panel of blood-based diagnostic and prognostic biomarkers. Healthy-control (HC), non-metastatic (NM), and metastatic (M) (pre- and post-therapy) breast cancer (BC) patients were recruited. LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y182), LIMK1, phospho-LIMK1 (T508), cofilin1, and phospho-cofilin1 (S3) were quantified in the serum of the study group by real-time label-free surface plasmon resonance technology and verified by Western blot. Proteins were found to be significantly elevated in the serum of BC patients compared to HC and also higher in M compared to NM, which further downregulated in post-therapy M patients. Elevation of phospho-LIMK1 and phospho-cofilin1, which are critical for M, was also indicated in the serum level and can differentiate from NM. Receiver operating characteristics (ROC) derived area under the curve (AUC) (0.9) is very strong to differentiate between HC and BC. Moreover, the combined ROC of 3 molecules phospho-LIMK, p38α, and phospho-p38α were found to be a potent predictive panel of biomarkers between M and NM with AUC0.95. The panel of inflammatory cytoskeleton signaling regime proteins specified in this study can have significant clinical utility for diagnosis as well as prognosis of MBC at an early stage. The study may have a high translational value in a simple and cost-effective way by avoiding frequent CT/PET scans.
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Introduction

Breast cancer (BC) is the most common cancer in females across the globe and the second most prominent cancer in India (1, 2). Despite the development of various new drugs for the treatment of metastatic breast cancer, it remains an incurable disease. In the absence of any specific serum protein markers, imaging at frequent intervals is needed to monitor response to treatment and to confirm the suspicion of clinical progression. Identification of a serum protein marker for BC would potentially decrease the need for frequent CT and PET scans, thus decreasing the adverse effects of radiation and diagnostics costs.

Metastatic breast cancer (MBC) differs from the preceding primary BC in several properties. Primary cancerous tumor cells are surrounded by numerous cells like fibroblasts, macrophages, myeloid-derived suppressor cells, and neutrophils. These inflammatory cells produce pro-inflammatory factors and activate and induce epithelial to mesenchymal transition (EMT) and tumor metastasis by regulating the expression of transcription factors and proteases. Mesenchymal-like cells have properties that allow separation from the underlying connective tissue by diminishing intercellular contact by mesenchymal-like tumor and facilitating migration-like events, which causes metastasis (3). Cancer stem cells (CSC) play a key role in the formation of secondary tumors. CSC are resistant to therapeutic regimens. The origin of metastatic cells may be due to the transition of hematopoietic stem cells to CSC in tumor micro-environments (4). The inflammatory pathway - arachidonic acid cascade - promotes tumorigenesis and the lipoxygenase (LOX) enzyme directly regulates hematopoietic stem cell proliferation and function. Hence, due to the overproduction of LOX, hematopoietic cells transit to CSC (5).

LOX5 synthesizes hydroxyeicosatetraenoic acids (HETEs) and various leukotrienes (LTs), including leukotriene A4 (LTA4), leukotriene B4 (LTB4), leukotriene C4 (LTC4), leukotriene D4 (LTD4), and leukotriene E4 (LTE4) (6). LTB4, a 4 series of eicosanoids, is synthesized from unstable LTA4 by the action of LTA4 hydrolase. This is a powerful bioactive lipid that has been implicated in various physiological functions including inflammation, tumor promotion, and metastasis. The LTC4 is the product of LOX5 which binds with its receptor CysLT1, enhancing the expression of Tiam 1 (guanine exchange factor (GEF)) which further converts the inactive form of Rac1-GDP to the active form, Rac1-GTP. This active form phosphorylates and activates LIMKinase1 (LIMK1) through p38MAP Kinase. This active LIMK1 phosphorylate cofilin1, which no longer binds with F-actin and increases the polymerization of F-actin, causes metastasis. In normal physiological conditions, cofilin1 remains bound with F-actin and regulates its polymerization (7).

It is reported in our previous study and other studies that LOX5 protein expresses more in breast cancer (8–10). LOX5 was found to be over-expressed in non-metastatic BC patients and was downregulated after treatment. LOX5 and LOX 12 were found to be significantly higher in the patients with HER2+ breast cancer (11, 12). Leukotrienes produced by LOX5 activate the downstream molecules like Rac1, p38α MAPK, LIMK1, and cofilin1 which have a critical role in metastasis.

Since these molecules have a role in the development of metastatic cancer cells, the serum level may offer a new clinical approach to early diagnosis and monitoring of patients with MBC. The present assumption is that the panel of biomarkers would cumulatively diagnose the disease with higher sensitivity and specificity. The current study aims to evaluate the level of these proteins in metastatic disease and establish a panel of blood-based diagnostic and prognostic biomarkers.



Materials and Methods


Patients’ Recruitment

Study patients were recruited with clinically diagnosed 148 BC from the breast cancer clinic at Institute Rotary Cancer Hospital (IRCH), All India Institute of Medical Sciences (AIIMS), New Delhi, and 52 healthy controls (HC) were recruited by advertisement. Among the BC patients, 75 were categorized into non-metastatic (NM) and 73 metastatic (M) breast cancer patients. Ethics protocol (IECPG-191/27.03.2019) has been approved by the ethics subcommittee, AIIMS, New Delhi. Patients with any comorbidities such as hypertension, blood pressure, thyroid disease, severe infection, or who were already operated on for early BC were excluded from the study. Written consent was obtained from all the study participants.

Blood (5ml) was withdrawn from the study participants and HC. Serum was separated by centrifugation and stored at -80°C for further use.

The staging and TNM (Tumor, Node, and Metastasis) classification of disease was performed by the eight edition of the American Joint Committee on Cancer (AJCC) criteria. Demographic and clinical characteristics including age, menopause status, family history, habit (smoking and alcohol drinking), comorbidities, hormone receptor status, TNM status, and disease metastasis condition of study participants were addressed. Patients with metastasis were treated as per standard protocols by the treating medical oncologist and included hormonal therapy (aromatase inhibitor with/without a CDK4/6 inhibitor), taxane-based chemotherapy, taxane- and trastuzumab-based treatment for those with hormone-positive, triple-negative, and HER2 positive BC, respectively (13). Blood was collected twice: first, at the time of diagnosis from all study participants and second, after 3 months of treatment of metastatic patients only. Response to treatment was recorded by a CT or PET scan after 3 months and on the basis of the outcome of response, the patient was categorized in CR (complete response), PR (partial response), SD (stable disease), or PD (progressive disease) by the RECIST 1.1 criteria.



Estimation of Inflammatory Cytoskeleton Signaling Protein in Serum of Study by SPR

Serum level of inflammatory cytoskeleton signaling proteins such as LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) were assessed by using real-time label-free surface plasmon resonance (SPR) technology by Biacore 3000 instruments (GE Healthcare, Sweden). Antibody against all the above-mentioned proteins, i.e., Rabbit anti-human Rac1 IgG, Mouse anti-human p38α IgG, Mouse anti-human phospho-p38α (Y-182) IgG, (Santa Cruz Biotechnology, CA, USA), Rabbit anti-human LOX5 IgG (Cell Signaling Technology, Danvers, Massachusetts, USA), Rabbit anti-human Rac1b IgG (Merck Millipore, Burlington, Massachusetts, USA), Rabbit anti-human LIMK1 IgG, Rabbit anti-human phospho-LIMK1 (T-508) IgG, Rabbit anti-human cofilin1 IgG, and Rabbit anti-human phospho-cofilin (S-3) IgG (St. Louis, Immunotag USA) were immobilized on a separate flow cell of CM5 sensor chip by using amine coupling kit.

During the immobilization process, the dextran surface of the CM5 sensor chip was activated by applying a 1:1 v/v mixture of N-ethyl- N’-3diethylaminopropylcarbodiimide (EDC) (75 µg/µl) and N-hydroxysuccinimide (NHS) (12.5 µg/µl). After surface activation, antibodies in sodium acetate solution (pH 5.0, 10mM) were passed on to their respective flow cell for covalent immobilization and all the activated unreacted surface groups were blocked by the flow of ethanolamine (pH 8.0).

For generation of standard curve human recombinant LOX5, Rac1, Rac1b, p38α, LIMK1, and cofilin1 were cloned and expressed in bacterial expression system and purified by using Ni-NTA affinity column chromatography. Antigenic determinant of phospho-p38α (Y-182), phospho-LIMK1 (T-508), and phospho-cofilin1 (S-3) complementary to their respective antibody paratope were synthesized. The peptide sequence of antigenic determinant were procured from antibody datasheet and were synthesized by using Fmoc solid phase peptide (PS3) synthesis process (14). Standard curve was generated by flowing different known concentrations of purified proteins of LOX5 (0, 0.7, 1.75, 3.5, 7, 12.25, 17.5, 24.5, 35, 52.5, and 70 ng/μl), Rac1 (0, 0.135, 0.675, 1.35, 3.375, 4.725, 6.75, 10.125, and 13.5 ng/μl), Rac1b (0, 0.6, 1.2, 1.8, 2.4, 3.6, 4.8, 6, 9, and 12 ng/μl), p38α (0, 0.482, 0.96, 1.925, 2.89, 3.85, 9.625, 14.43, 19.25, 28.875, and 38.5 ng/μl), hosphor-p38α (Y-182) (0, 1.36, 3.42, 5.45, 6.81, 8.85, 10.9, 13.62, and 20.43 ng/μl), LIMK1 (0, 5.125, 10.25, 15.375, 20.5, 25.62, 38.4, 51.25, and 64.06 ng/μl), phospho-LIMK1 (T-508) (0, 2.3, 4.6, 6.9, 11.5, 13.8, 17.25, 23, 34.5, and 46 ng/μl), cofilin1 (0, 3.2, 5.6, 8, 12, 16, 24, 32, 40, 60, and 96 ng/μl), and phospho-cofilin1 (S-3) (0, 1.08, 2.175, 3.265, 4.35, 5.44, 8.15, 10.875, 16.31, and 21.75 ng/μl) on their respective antibody immobilized flow cell and Response Unit (RU) were obtained.

Correspondingly, serum samples of all study participants were passed over the antibody immobilized flow cell of CM5 sensor chip in dilution of 1:80 with HBS-EP buffer and RU were obtained. All these RU were plotted on respective standard curve and concentration of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) were calculated.

By execution of ROC analysis, cut-off value of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) proteins were calculated, which can be utilized as biomarkers to differentiate metastatic versus non-metastatic disease and healthy versus BC (NM+M) patients with high sensitivity and specificity of proteins related to the disease. We have also analyzed ROC curves with the panel of three sets of above proteins between NM and M. Three curves plotted are the combination of phospho-LIMK1, phospho-p38α and p38α (m1), LOX5, Rac1, phospho-p38α (m2) and LOX5, phospho-p38α, and hosphor-cofilin1(m3).



Validation of Serum Level by Western Blot

A Western blot experiment was performed for validation of serum levels of all inflammatory cytoskeleton signaling proteins in all the study groups. A total of four serum samples were randomly selected from each group, i.e., HC, NM, M (pre-therapy and post-therapy group (MF)) for Western blot experiment. Serum albumin was removed by using albumin out kit (G-Biosciences, USA) and the total protein concentrations of albumin out of serum were determined by bicinchoninic acid assay (BCA) method. Protein samples were resolved by SDS-PAGE mini gel system and transferred to PVDF membrane (MDI, USA) by using standard protocol. Nonspecific sites were blocked by incubation of membrane in 5% non-fat dry milk solution in TBS-1 (10 mM Tris-Cl, 150 mM NaCl in miliQ water) for 2 hours. Blots were incubated with their primary antibodies and respective HRP conjugated secondary antibodies. Protein bands were detected by developing membranes in enhanced chemiluminescent system (Pierce ECL Western Blotting Substrate, Thermo Scientific, Rockford, IL, USA) and the band density was analyzed by myImageAnalysis™ software (Thermo Scientific).



Statistical Analysis

Statistical analysis was performed by SPSS Statistics version 17.0 and Stata/IC version 11.1 (Stata Corp LP, College Station, TX, USA). Descriptive analysis of all variables was carried out and percentage, mean (95% confidence interval), and standard deviation (SD) were calculated as appropriate. Baseline comparisons between breast cancer patient of NM and M group and HC were made by using Student’s t-test for continuous variables, chi-square test for categorical variables, and ANOVA for comparison of more than two categories. For the determination of the best cut-off value for each protein, a receiver operating characteristic (ROC) curve was generated. Statistical significance was predefined at a level of p-value <0.05.




Results


Demographic and Clinicopathological Data

Demographic and clinical characteristics of 148 BC patients (75 NM and 73 M) and 52 HC are illustrated in Table 1. Out of 73 M patients, 44 underwent therapy, 19 died, and 10 discontinued their treatment. All study participants were female. The mean age of HC, NM, and M groups were 35.76, 48.49, and 45.83 years, respectively. Family history of different cancers like breast, ovarian, pancreatic, or prostate was present in 26.03% of the M group and 18.67% of the NM group of patients. In M and NM groups, 5.47% and 6.66% of patients, respectively, had habits of tobacco chewing, smoking, or alcohol drinking. According to TNM classification, the majority of M (49.31%) and NM (34.67%) group patients were recognized as T4 tumor size, and 35.61% and 32.00% were T3 in M and NM, respectively. Node involvement was recorded in 67.12% of M and 73.33% of NM group of patients. In the NM group, the majority were in stage III (66.66%), followed by stage II (33.34%). With respect to the hormonal profile, in the M group the majority were ER+ (61.64%) and PR+ (52.05%), and in the NM group of patients, 56.00% were ER+ and 45.33% were PR+. In the M group, HER2+ was found to be in 53.42% and in the NM group it was 48.00%.


Table 1 | Demographic data of study groups.





Immobilization of LOX5, Rac1, Rac1b, p38α, Phospho-p38α (Y-182), LIMK1, Phospho-LIMK1 (T-508), Cofilin1, and Phospho-Cofilin1 (S-3) Antibody:

Antibodies of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) were successfully immobilized on flow cell of CM5 sensor chip and for each immobilization process RU of 1689, 2495.5, 4808.9, 3866.6, 1824.9, 4262, 3862.3, 1131.5, and 1297.4 were recorded, respectively, where 1 RU corresponds to 1pg/mm2 (Figure S1). Standard curves were generated for each protein by passing different concentrations of purified recombinant form on their respective flow cell and a linear graph was generated for every protein (Figure S2).



Quantitative Estimation of LOX5, Rac1, Rac1b, p38α, Phospho-p38α (Y-182), LIMK1, Phospho-LIMK1 (T-508), Cofilin1, and Phospho-Cofilin1 (S-3) Protein in Serum of Study Groups by SPR

The serum level of the above-mentioned proteins was found to be significantly (p<0.0001) higher in the M (N=73) group than in the NM (N=75) group and HC (N=52) group, as shown in Figure 1. The concentration of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) proteins in the M group were 9.11 ± 4.26 (95% CI: 8.12-10.11), 2.45 ± 0.64 (95% CI: 2.30-2.60), 2.12 ± 0.93 (95% CI: 1.90-2.34), 6.51 ± 3.15 (95% CI: 5.78-7.25), 8.65 ± 1.88 (95% CI: 8.21-9.08), 14.85 ± 3.49 (95% CI: 14.04-15.67), 16.31 ± 3.44 (95% CI: 15.51-17.11), 5.69 ± 1.55 (95% CI: 5.02-6.36), and 8.67 ± 4.62 (95% CI: 7.60-9.75) ng/µl, respectively; in the NM group were 6.04 ± 2.96 (95% CI: 5.36-6.73), 1.85 ± 0.49 (95% CI: 1.73-1.96), 1.49 ± 0.71(95% CI: 1.33-1.66), 4.19 ± 2.47 (95% CI: 3.62-4.76), 6.38 ± 1.84 (95% CI: 5.95-6.80), 11.60 ± 2.57 (95% CI: 11.01-12.19), 12.76 ± 2.60 (95% CI: 12.16-13.36), 4.23 ± 1.14 (95%CI: 3.94-4.52), and 4.38 ± 3.16 (95% CI: 3.65-5.11) ng/µl, respectively; and in the HC group were 4.39 ± 1.20 (95% CI: 4.05-4.73), 1.61 ± 0.29 (95% CI: 1.53-1.69), 1.59 ± 0.19 (95%CI: 1.53-1.64), 2.54 ± 0.31 (95%CI: 2.45-2.62), 4.31 ± 0.80 (95% CI: 4.09-4.54), 8.36 ± 1.68 (95% CI: 7.89-8.83), 9.59 ± 1.64 (95%CI: 9.13-10.05), 3.51 ± 0.99 (95% CI: 3.08-3.94), and 3.01 ± 1.80 (95% CI: 2.17-3.84) ng/µl, respectively (Table 2).




Figure 1 | Scatter graph illustrated level of proteins (A). LOX5, (B). Rac1, (C). Rac1b, (D). p38a, (E). Phospho-p38a (F) LIMK1 (G) Phospho-LIMK1 (H) Cofilin1 (I) Phospho-Cofilin1 in the serum of HC, NM, M, and MF (MF-metastatic post-therapy follow-up). For each group, standard error of the mean (mean ± SE) was plotted. ANOVA test was used to compare the means between the groups *- p<0.01, **- p<0.001, ***- p<0.0001.




Table 2 | Concentration of proteins in Healthy Control (HC), Non-metastatic (NM), Metastatic (M), and CR+PR of M group (pre- and post-therapy).



In the NM and M groups, the concentration of proteins increased gradually with tumor size and nodal involvement of disease. With respect to hormone status, protein levels were higher in the ER+, PR+, and HER2+ patients, as compared to their respective counterparts. No significant differences were observed in the concentration of proteins with age group, family history, or menopause status (Table S1).



Serum Level of Proteins in Metastatic Group After Therapy

Blood was withdrawn after 3 months of treatment from the follow-up of the 44 metastatic patients; those who continued their treatment. The clinical and experimental evaluations were performed.

The concentration of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) proteins in pre-therapy condition were 8.22 ± 2.76, 2.23 ± 0.52, 1.93 ± 0.78, 5.89 ± 2.94, 8.42 ± 1.72, 14.27 ± 2.78, 15.53 ± 2.76, 5.47 ± 1.25, and 8.05 ± 3.56 ng/µl, respectively, and the concentration of proteins after therapy were decreased significantly to 4.29 ± 2.55, 1.64 ± 0.43, 0.96 ± 0.41, 3.01 ± .89, 4.43 ± 1.35, 8.34 ± 1.94, 9.35 ± 1.84, 3.35 ± 0.69, and 2.52 ± 1.64 ng/µl, respectively, with a p-value of 0.0001. The clinical assessment of these 44 patients (MF) reported that 31 completely/partially responded to the therapy and in the case of the rest of the 13 patients, the disease was stable/progressive. From our study with these 44 patients, the level of proteins decreased more significantly in patients with CR+PR as compared to the SD+PD group. The effect of therapy with other attributes was recorded and significant changes were observed (Table S2).



ROC Curve

The ROC curve between HC (N=52) and BC (N=148) disease patients was generated for all proteins. The threshold cut-off value ≥5.03 ng/µl of LOX5 can distinguish BC disease from HC with area under the curve (AUC), sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) of 0.81, 75.65%, 73.08%, 88.7%, and 50.0%, respectively. Similarly, the cut-off values of Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) for BC disease were ≥1.83 (AUC 0.77, sensitivity 71.95%, specificity 73.08%, PPV 89.2%, NPV 48.8%), ≥1.561 (AUC 0.50, sensitivity 50.00%, specificity 48.08%, PPV 73.3%, NPV 25.3%), ≥2.94 (AUC 0.89, sensitivity 81.76%, specificity 86.54%, PPV 93.8%, NPV 62.0%), ≥5.11 (AUC 0.93, sensitivity 85.61%, specificity 90.38%, PPV 97.7%, NPV 72.1%), ≥10.29 (AUC 0.91, sensitivity 84.46%, specificity 90.38%, PPV 94.1%, NPV 67.7%), ≥10.89 (AUC 0.91, sensitivity 88.51%, specificity 86.54%, PPV 94.9%, NPV 72.6%), ≥3.89 (AUC 0.81, sensitivity 75.68%, specificity 73.08%, PPV 87.6%, NPV 50.0%), and ≥3.79 (AUC 0.77, sensitivity 70.27%, specificity 69.23%, PPV 87.5%, NPV 50.0%), respectively (Figure 2).




Figure 2 | ROC of serum proteins between HC and BC. (A) LOX5; AUC: 0.802, (B) Rac1; AUC: 0.774, (C) Rac1b; AUC: 0.501, (D) p38α; AUC: 0.890, (E) phospho-p38α (Y-182); AUC: 0.932, (F) LIMK1, AUC: 0.915 (G) phospho-LIMK1 (T-508); AUC: 0.910, (H) Cofilin1; AUC: 0.810, (I) phospho-Cofilin1 (S-3); AUC: 0.772.



Likewise, the cut-off values of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) to distinguish between M (N=73) from NM (N=75) were ≥6.79 (AUC 0.77, specificity 68.49%, sensitivity 68.00%, PPV 70.6%, NPV 79.4%), ≥2.04 (AUC 0.78, specificity 69.86%, sensitivity 73.33%, PPV 77.6%, NPV 80.6%), ≥1.52 (AUC 0.75, specificity 75.34%, sensitivity 72.00%, PPV 74.3%, NPV 75.7%), ≥4.51 (AUC 0.8, specificity 83.56%, sensitivity 77.83%, PPV 89.6%, NPV 94.4%), ≥7.59 (AUC 0.82, specificity 73.97%, sensitivity 80.00%, PPV 82.4%, NPV 83.8%), ≥12.93 (AUC 0.80, specificity 73.97%, sensitivity 77.33%, PPV 78.7%, NPV 80.8%), ≥14.19 (AUC 0.81, specificity 73.97%, sensitivity 74.67%, PPV 75.6%, NPV 80%), ≥4.61 (AUC 0.80, specificity 79.45%, sensitivity 73.33%, PPV 74.7%, NPV 79.7%), and ≥6.0 (AUC 0.81, specificity 75.3%, sensitivity 77.33%, PPV 82.9%, NPV 86.1%), respectively (Figure 3).




Figure 3 | ROC of serum proteins between NM and M. (A) LOX5; AUC: 0.774, (B) Rac1; AUC: 0.781, (C) Rac1b; AUC: 0.757, (D) p38α; AUC: 0.812, (E) phospho-p38α (Y-182); AUC: 0.820, (F) LIMK1, AUC: 0.807 (G) phospho-LIMK1 (T-508); AUC: 0.817, (H) Cofilin1; AUC: 0.819, (I) phospho-Cofilin1 (S-3); AUC: 0.807.



We have also combined the ROC curves of three sets of above proteins to augment the best panel of protein marker for diagnosis between NM (N=75) and M (N=73). The combination of phospho-LIMK1, phospho-p38α, and p38α (m1) panels can produce a diagnostic marker for NM and M disease with an excellent AUC value of 0.95, specificity 94.5%, sensitivity 89.33%, PPV 89.6%, and NPV 94.4%. Similarly, the m2 (LOX5, Rac1, phospho-p38α) panel and m3 (LOX5, phospho-p38α, phospho-cofilin1) panel can also discriminate between NM and M disease status with a high AUC value of 0.93 (Figure 4).




Figure 4 | Combined ROC between NM and M breast cancer patients with panel of proteins m1(phospho-LIMK1, phospho-p38α, and p38α), m2 (LOX5, Rac1, and phospho-p38α), m3 (LOX5, phospho-p38α, and phospho-cofilin1). Among these combination m1 showing excellent AUC value of 0.95, specificity 94.5%, sensitivity 89.33%, PPV 89.6%, and NPV 94.4%.





Validation by Western Blot

Western blots were performed with four HC, four NM patients, four M patients, and four post-therapy (MF) metastatic patients to validate the expression level of LOX5, Rac1, Rac1b, p38α, phospho-p38α (Y-182), LIMK1, phospho-LIMK1 (T-508), cofilin1, and phospho-cofilin1 (S-3) proteins. The band density was seen in a similar pattern of SPR outcomes. Band densities of the HC group was significantly lower compared to BC patients. The band density of M patients was 2- to 3-fold higher in case of M compared to NM. The intensity of band was found to be 3-fold decreased in most of the cases in post-therapy M patients compared to pre-therapy patients (Figure 5).




Figure 5 | Western blot image and their densitometry analysis of proteins (A) LOX5, (B) Rac1, (C) Rac1b, (D) p38α, (E) phospho-p38α (Y-182), (F) LIMK1, (G) phospho-LIMK1 (T-508), (H) Cofilin1, (I) phospho-Cofilin1 (S-3) between HC, NM, M, and MF (Lanes-1&2-HC, 3&4-NM, 5&6-M, and 7&8-MF). An unpaired t-test was used to compare the means between two groups (**p<0.01 and *p<0.05).






Discussion

MBC is the second leading cause of death in women worldwide (15). In patients with BC, the tumor cells may remain dormant in the secondary site for a decade and no clinical symptoms develop during this period (16). The clinical guidelines do not endorse any imaging or blood tests to be done routinely at follow-up of patients with early BC. Therefore, it becomes challenging to diagnose metastatic disease at an early stage due to the lack of suitable biomarkers. The present study explored the specific molecules in inflammatory, MAPK, and cytoskeletal signaling pathways involved by interlinkages with each stage of progression of MBC.

According to a WHO report, the incidence of BC and mortality is increasing rapidly. A total of 22,61,419 BC cases have been reported in 2020 in women worldwide (17), among which 2,05,424 cases were reported in India (18). One-third of these patients were diagnosed with MBC. Ninety percent of BC patients are hormone positive, and a majority have excess HER2+ protein. HER2+ protein increases the cell proliferation and raises the chances of developing metastasis (19). In our prospective case-control study, the percentage of ER+ and HER2+ are higher in M compared to NM.

In our study group, the M group patients are predominantly in the age group of 30-50 yrs, which supports other study findings (20, 21) suggesting that middle-age group women are more vulnerable to BC development.

In the inflammatory pathway, overproduction of LOX proteins increases hematopoietic cell proliferation and may transit to CSC which enter the circulatory system and develop metastasis (5). Our study observed the significant enhancement of LOX5 in the blood of M compared to NM patients.

Due to the over-production of LOX5, leukotriene (LTC4), the inflammatory cytokine mediator produced by LOX5 increases, which regulates epidermal growth factor (EGF). Further, it leads to an increase in the activation of Rac1 through Tiam1 expression that induces cancer cell migration toward metastasis (22). The same result is reflected at the circulatory level in our study - Rac1, and its mutated form Rac1b, both were found to be present in increased levels in the blood of M patients compared to NM.

The MAPKKK is typically activated by interactions with a small GTPase Rac1 and/or phosphorylation by protein kinases downstream from cell surface receptors. The activity of LIMK1 is also regulated mainly by GTPases Rac1 through their downstream kinases MAPKAPK2 (MK2), PAK1, and PAK4 (23, 24) that phosphorylate LIMK1&2 on a threonine residue T508 and T505, respectively (25). LIMkinases control microtubule dynamics, independent of their regulation of actin microfilament, and maintain the balance of polymerization and depolymerization of actin through cofilin protein. Cofilin activity is regulated through its phosphorylation on Ser3 mainly by LIMK1&2 (26–28).

On phosphorylation at Ser3, cofilin1 loses its ability to bind to and depolymerize F-actin, resulting in increased polymerized F-actin levels (29). In normal conditions, cofilin1 remains bound with F-actin and regulates its polymerization and depolymerization phenomena. An increase in LIMK1 phosphorylate cofilin1, which no longer binds with F-actin, upsurges the polymerization of F-actin, which causes lamellipodia, filopodia formation, and movement of cells toward metastasis. Due to this alteration, CTC moves to a different part of the body. This variation in molecular activity is linked to MAPK signaling pathways. Interestingly, these changes were indicated in our present work. We found the concentration level of p38α, phospho-p38α, LIMK1, phospho-LIMK1, and cofilin1 in the serum of M patients was significantly higher as compared to NM patients. Due to the overproduction of phospho-LIMK1 it phosphorylates cofilin1 at a very high level and phospho-cofilin1 was found in increased levels in the serum of M compared to NM patients.

In the present study, ROC analysis was done to develop these molecules as biomarkers to distinguish the BC patients from healthy controls at an early stage as well as from metastatic stage. Among the molecules of three types of interlinked pathways, p38α, phospho-p38α, LIMK1, phospho-LIMK1, and cofilin1 were found to be the best to diagnose BC with more than 0.9 area under the curve with high sensitivity and specificity. However, AUC derived from ROC between NM and M was 0.8 which is not as strong as shown between HC and BC.

Hence, a model of ROC by combining three different molecules in one set was generated and AUC was calculated to establish a panel of the best combination of molecules for the diagnostic biomarkers of M patients. The combination of the three molecules (m1) phospho-LIMK1, p38α, and phospho-p38α were found to be a very strong predictive panel of biomarkers between M and NM with AUC 0.95 and cut point 6.6.

There was not much difference observed in the expression level of all the experimental proteins with baseline characteristics such as age, menopause status, family history, and habit between the M and NM groups.

The M patients with ER+ were found to have significantly enhanced protein levels compared to ER- M patients. Similarly, over-expressed proteins were observed with HER2+ compared to HER2- in M patients.

It was reported that upregulation of HER2+, a member of the EGFR family (epidermal growth factor receptor) is directly associated to the aggressiveness of BC. Tyrosine phosphorylation and activation of the HER2+ receptor causes activation of ras/MAP kinase signal transduction pathways in breast cancer cells (30). ER+ and HER2+ BC patients were found with over-expressed p38 MAPK and tamoxifen resistance in an earlier study (31). Interestingly, in our study, it was observed that levels of Rac1 and p38αMAPK were higher in the serum of metastatic HER2+ BC. Hence, we can say LOX5 together with other cytoskeletal signaling molecules mentioned in this study have a role in the development of MBC in both hormonal groups. However, HER2+ BC patients with an elevated level of these proteins have a high risk of developing metastasis.

The protein levels were estimated after 3 months of therapy for 44 patients who continued the treatment and were found to be significantly downregulated. But after differentiating 44 post-therapy patients in term of clinical responder, 31 were found CR+PR and 13 were SD+PD. All these protein molecules in 31 CR+PR patients were found to be significantly downregulated. No significant downregulation was observed in the case of SD+PD patients. Surprisingly, the concentration of phospho-LIMK and phospho-cofilin1 in M patients decreased below the normal value after therapy, which indicates that these molecules provoke the cell motility for metastasis and can be a potent prognostic blood-based biomarker for M patients.

There are two clinical scenarios where the utility of these biomarkers, either as individual or a panel of multiple molecules, can be considered and another for screening the population for BC. Annual or biennial mammograms are the current standard for population-based screening of BC (32). However, these are uncomfortable and logistically challenging in the resource-limited settings (33), and a blood-based marker may increase the uptake of population for BC screening.

Second, patients with NM are followed up clinically after completion of treatment and further investigations are considered when clinically indicated. Therefore, a blood-based marker or panel may assist in detecting early metastatic disease in such patients in clinics.

This can be concluded that the panel of proteins specified in this study can serve as a novel serum protein marker for diagnosis of early M as well as the prognosis of M by real-time label-free method using surface plasmon resonance technology. This may help to monitor the disease in a simple way and can avoid frequent CT and PET scans. The study can be proposed to have high translational value to clinical practice.
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Background

Necroptosis plays a crucial function in the progression of breast invasive carcinoma (BRCA). It may be triggered in cancer therapy to enhance anti-tumor immunity. However, the functions of necroptosis in tumors and its relationship with the tumor microenvironment (TME) remain largely unclear.



Methods

Necroptosis-related genes (NRGs) were collated from high-quality literature reviews. A robust risk model was constructed to systematically evaluate the clinical value, functional status, effects exerted by the risk model on the TME, and the genomic variations based on the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) meta-cohorts.



Results

A risk model was constructed which comprised of six NRGs, including TNF receptor-associated factor 5 (TRAF5), Toll-like receptor 3 (TLR3), a riboflavin kinase (RFK), Fas ligand (FASLG), Fas-associated protein with death domain (FADD), and baculoviral IAP repeat-containing 3 (BIRC3). The stability and accuracy of the risk model were demonstrated for both the training and validation cohorts and its utility as an independent prognostic model for BRCA was verified. Patients in the low-risk group exhibited “hot” tumors having active immune and cell killing functions, while those in the high-risk group showed “cold” tumors having active tumor proliferation and immunosuppression. Moreover, patients in the high-risk group had a greater number of CNV events in their genome, while the somatic mutations were fewer. Furthermore, patients in the low-risk group showed high sensitivity toward immunotherapy and chemotherapy.



Conclusion

A reliable risk model based on NRGs to assess patient prognoses and guide clinical decision-making was constructed and validated. Our findings may contribute to the understanding of necroptosis and aid clinical management, along with precision treatment in BRCA.
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Introduction

Breast invasive carcinoma (BRCA) is a commonly prevalent cancer type and only the second top-ranking cause of tumor-related deaths in women worldwide (1). Statistics of the last five years on the prevalence of BRCA indicate that nearly 11% of the total reported BRCA cases worldwide were from China (2). Conventional therapies for BRCA include surgery, endocrine therapy, chemotherapy, targeted therapy, immunotherapy, and radiotherapy (3). Rapid advances in medicine have led to significant improvements in the prognosis of BRCA. However, patients with advanced BRCA often show resistance to treatment, and consequently, poor clinical outcomes (4). Accurate prognostic predictions for patients with BRCA can potentially improve their survival rates and facilitate the development of tailored treatment by physicians. Hence, new prognostic markers need to be identified. In recent years, some exciting developments have occurred in this field. Several reports reveal that tumor mutation burden (TMB) can predict patient prognoses in several cancer types, thereby making it a promising biomarker of sensitivity toward the immune checkpoint inhibitors (5, 6).

Necroptosis, a novel type of programmed cell death, was first reported in 2005 (7). It is a genetically programmed, lysogenic apoptosis mechanism, that is regulated in a caspase-independent manner. It is an alternative mode of apoptosis that overcomes resistance, along with triggering and enhancing anti-tumor immunity in cancer therapy (8, 9). In the onset of necroptosis, the activation of the protein kinases, including the Recombinant Receptor Interacting Serine Threonine Kinase 3 (RIPK3) and RIPK1, is implicated. This is followed by phosphorylation of the executioner molecule, mixed lineage kinase domain-like (MLKL), thereby inducing a rupture in the cell membrane (10–12). In cancer, necroptosis is a double-edged sword. If, on the one hand, apoptosis is not induced, necroptosis can provide an alternative to apoptosis, thereby eliciting a strong adaptive immune response and halting tumor progression. On the other hand, in the case wherein the induced inflammatory responses promote tumorigenesis and metastases, necroptosis can elicit the formation of an immunosuppressive tumor microenvironment (TME) under specified circumstances (8). Thus, to determine the role of necroptosis for patient prognoses, immune regulation, and therapy for different cancer types, a better understanding of the mechanisms underlying necroptosis and their physiological and pathological functions is warranted.

In the present study, 33 necroptosis-related genes (NRGs) were systematically assessed and their patterns in BRCA were analyzed using multi-omic data. Thus, seven independent prognosis-related NRGs were selected after Cox regression and then modeled using the robust iterative least absolute shrinkage and selection operator (LASSO) regression for BRCA. Next, we systematically assessed the prognostic model’s stability and accuracy in both the external validation and the training cohorts. The biological functions, TME, and genomic variations in the prognostic model were evaluated in detail. Finally, the value of the prognostic model was determined and its clinical applicability in chemotherapy and immunotherapy of BRCA was evaluated.



Methods


Data extraction from online databases

The clinical information of BRCA patients and their corresponding transcriptomic RNA sequences, Mutect2 mutation, HumanMethylation450 arrays, and copy number variation (CNV) data were extracted using the GDC application programming interface from The Cancer Genome Atlas (TCGA) (https://cancergenome.nih.gov/). Patients with incomplete clinical data or those who were lost to follow-up were excluded, following which, a total of 887 BRCA samples were included. We then standardized and normalized the primary data to reduce the heterogeneity between samples, the raw fragments per kilobase million (FPKM) sequence data were normalized to transcript per million (TPM) units and used as the training cohort. Additionally, three datasets from the GPL580 platform of the Gene Expression Omnibus (GEO) database, GSE20685, GSE20711, and GSE42568, were collated(https://www.ncbi.nlm.nih.gov/geo/). The microarray data were merged and normalized from the three GEO datasets and the batch effects were eliminated using the combat function of the “sva” package (13), resulting in the collection of the meta-data of 519 BRCA patients having entire clinical details in the validation cohort. In addition, we obtained the publicly available immunotherapy data with complete clinical and transcriptomic information, resulting in a cohort of 298 patients with advanced uroepithelial cancer (Imvigor210) who underwent anti-PD-L1 immunotherapy (14).



Generation and validation of the NRG-related risk model

The model was trained based on the TCGA cohort. First, for BRCA, all the independent prognostic factors were screened using univariate COX regression, and only the significant (P< 0.05) genes were included for further analysis. The least absolute shrinkage and selection operator (LASSO) penalized Cox proportional risk model was employed to identify the best prognostic model. To avoid overfitting, a five-fold cross-validation was performed. Considering random sampling for cross-validation, a total of 250 iterations were performed to identify the most stable prognostic model and the most frequently occurring model among the 250 iterations was the final prognostic model. The RiskScore was computed as follows:

	

We also constructed the RiskScore in both GEO and Imvigor210 cohort based on the same formula. The consistency index (c-index) was computed using “survcomp” to assess the predictive power of the RiskScore in both the training and validation cohorts; the larger the c-index, the more accurate the model (15). The median RiskScore was used to divide patients into the high- and low-risk groups. Moreover, the prognostic value of the risk model was systematically assessed using the following analyses: Kaplan-Meier survival curves, time-dependent receiver operating characteristic (ROC) curves, and multivariate and univariate Cox regression.



Functional enrichment and immune infiltration analyses

We explored the potential biological function of NRGs in the TCGA cohort. The pathway activities associated with the samples were assessed by single-sample gene set enrichment analysis (ssGSEA) using “gsva” in R. Gene markers for angiogenesis, epithelial-mesenchymal transition (EMT), myeloid inflammation, as well as other molecular markers of immune-related pathways, were collated from previously published high-quality literature (16–19). Molecular markers for hypoxia were obtained from the Msigdb database (www.plob.org/tag/msigdb) (20). Details on the gene markers are listed in Table S1. In addition, for making a comparison between the risk groups and screening the significant (P< 0.05) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, a gene set enrichment analysis (GSEA) was performed using the GSEA software (version 4.2.2).

The abundant infiltration of 22 different immune cells in the tumor samples was determined using the R package, “CIBERSORT” (cibersort.stanford.edu) (21). In addition, the immune activity and tumor purity of the samples were assessed using the Estimate algorithm (22).



Landscape of genomic variations between the groups

The genomic variations between the high and low-risk group was evaluated in the TCGA cohort. To compare the differences in the tumor mutation burden between the two risk groups, we processed the mutation data using the “maftools” package in R and calculated the total number of mutations in the samples. Genes with a minimum number of mutations > 30 were subsequently selected, and the differences in the mutation frequencies between the risk groups were compared using the chi-square tests and visualized using maftools (23). CNV data were processed using Gistic (version: 2.0) of the Genepattern webtool (www.genepattern.org) and significant amplifications and deletions were identified; the CNV landscape was visualized using the R package, Circos (circos.ca).



Assessment of the clinical significance of the risk model

First, the median inhibitory concentration (IC50) for four first-line BRCA drugs (gemcitabine, docetaxel, paclitaxel, and doxorubicin) was calculated in the validation and training cohorts using ridge regression algorithm of the pRRophetic package; the smaller was the IC50 value, the greater was the sensitivity to the drugs (24). Differentially expressed genes (DEGs) between the risk groups were the putative therapeutic targets, we identified the DEGs based on the threshold fold change>2 and FDR<0.05 using the “limma” R package. CMap database was used to determine their putative target compounds (https://clue.io/). After querying the top 150 upregulated and downregulated DEGs, we predicted the putative small molecule compounds (25). Moreover, the patient responses to immunotherapy were predicted using the Tumor Immune Dysfunction and Exclusion (TIDE) online tool (http://tide.dfci.harvard.edu) (26). The unsupervised subclass mapping algorithm assessed patient responses to anti-PD1 and anti-CTLA-4 immunotherapies(https://cloud.genepattern.org/gp/). Finally, the predictive utility of the RiskScore was verified in the Imvigor210 immunotherapy cohort.



Specimen collection

67 cases of surgically resected cancerous tissues of breast cancer patients diagnosed and treated in our hospital from September 2015 to April 2016, with a median age of 42 ~ 73 years and a mean age of (56.19 ± 9.1) years were selected. Inclusion criteria: (1) All were diagnosed with breast cancer by postoperative pathological examination; (2) All did not receive radiotherapy or chemotherapy before surgery; (3) Clinical data were complete. Exclusion criteria: (1) Combination of chronic systemic diseases; (2) Combination of other malignant tumors. Our ethics committee approved the study (IEC-C-001-A04-V3.0), supervised by our ethics committee, and the subjects all signed an informed consent form while enjoying the right to information.



Immunohistochemistry staining

After regular dewaxing and rehydration of the tissue in paraffin sections, the sections were closed with 3% H2O2 for 10 min to prevent non-specific staining; primary antibody was added dropwise and incubated overnight at 4°C. The next day, the overnight sections were rewarmed at 4°C, washed 3 times with double distilled water, soaked and moistened with washing buffer, added dropwise with secondary antibody working solution, and stained at room temperature for 1h. The IHC staining score was calculated by multiplying the staining intensity (0, negative; 1, mild; 2, moderate; 3, strong) and the proportion of positive cells (0, negative; 1,<10%; 2, ≥10% and<33%; 3, ≥33% and<66%; 4, ≥66%) for each tissue in turn according to the staining on the tissue sections. The expression of HDAC11 in breast cancer tissues was classified as low (0-6) or high (8-12) expression according to the tissue microarray immunohistochemical staining score.



Bioinformatics and statistical analyses

All statistical analyses and graph plotting were done on R (version: 4.04). Comparisons between groups were performed using the Wilcoxon test. The Kaplan-Meier plotter was used to generate survival curves and statistically significant differences were assessed using the log-rank test. Time-dependent receiver operating characteristic curves (tROC) were plotted using ‘survivalROC’. The R package, ‘survival’ was used to perform multivariate and univariate Cox regression analyses; the ‘rms’ package was used to construct the nomogram and plot the calibration curves; decision curve analysis (DCA) was performed using the DCA package (27). Two-tailed p< 0.05 was the statistical significance threshold unless stated otherwise.




Results


The landscape of genomic variations in NRGs in BRCA

A total of 33 NRGs from previously published high-quality reviews were collated and details of the selected genes are listed in TableS2. Specifically, first, the multi-omics profiles of NRGs in TCGA-BRCA patients were summarized (Figure 1A). The frequency of single nucleotide variations (SNVs) in NRGs was low but that of CNVs, encompassed a wide range, especially for USP21, TRAF5, OTUD7B, and FASLG, which hinted that CNVs may exert dominant effects in NRG regulation as compared to gene mutations. In addition, a significant correlation was observed between methylation regulators and gene expressions of NRGs, especially for RIPK3, CASP10, TNFSF10, TRAF5, and FASLG. Seven genes (ZBP1, TRAF5, TLR3, RFK, FASLG, FADD, and BIRC3) were found to exert significant protective roles, and subsequently, these factors were used for the construction of risk models. The results of the Cox regression analysis are listed in Table S3. Figure 1B shows the CNV profiles of NRGs on chromosomes. Next, the mutation profiles of NRGs (Figure 1C) were summarized, and CASP8 and TLR4 were found to be the two most frequently mutated genes. Moreover, the most common mutation was missense; SNV was the most common mutation type with cytosine to thymine change, being the most frequent. The waterfall diagram shows the mutation profiles of NRGs in patients (Figure 1D). We then queried the NRGs based on the confidence level of 0.9 using the STRING database (string-db.org) and obtained a protein interaction network (Figure 1E); BIRC2 and BIRC3 genes were identified as the hub. Finally, we mapped the correlation network of NRGs and selected the significantly (P< 0.0001) positively correlated pairs (Figure 1F).




Figure 1 | Genomic mapping for NRGs in BRCA (A). Heat map showing genomic changes and hazard ratios of NRGs in TCGA-BRCA cohort; from left to right: correlation between mutation and CNV frequencies of NRGs, modifications in DNA methylation and expression of NRGs, and a univariate Cox regression analysis showing risk ratios for NRGs; *p < 0.05, **p < 0.01, ***p < 0.001; (B). Circle plot demonstrating CNV events in NRGs on the chromosomes; (C). Summary of CNV events in NRGs in TCGA-BRCA cohort; (D). Oncoplot showing the mutational map of NRGs; (E). PPI network of NRGs based on STRING; (F). Correlation network of NRGs.





Construction of the NRG-related risk model

We performed 250 iterations of LASSO regression for screening the most important prognostic factors and constructing a stable risk model. The model containing six genes, including TRAF5, TLR3, RFK, FASLG, FADD, and BIRC3, was determined to be the most stable. It exhibited good accuracy in both the training and validation cohorts (TCGA: 0.6407; GEO: 0.6515) (Figure 2A). The model was constructed based on an optimal λ value of 0.00547 (Figure 2B), and the RiskScore was computed as follows:

	




Figure 2 | Construction of the NRG-related risk model (A). Screening the best LASSO model; left: frequency of different gene combinations in the LASSO Cox regression model, right: c-index of the best model in TCGA and GEO cohorts; (B). LASSO Cox regression model to identify the most robust nine-gene signature marker having an optimal λ value of 0.00547; (C). KM survival curves for the high- and low-risk groups in the TCGA cohort. (D). Survival status of patients and expression of marker genes in TCGA cohort; (E). tROC curves for risk models and clinical characteristics in TCGA cohort; (F). 1-, 3-, 5-, and 8-year ROC curves for the RiskScore in TCGA cohort.



The LASSO coefficients for the model genes are provided in Table S4. Patients were classified into low-risk and high-risk groups based on the median RiskScore. The survival analysis suggested that patients in the high-risk group showed markedly lower survival relative to those in the low-risk group (Figure 2C; P = 0.0017). Figure 2D–F shows the distribution of RiskScore and the transcriptomic map of genes in the model for the TCGA cohort. Additionally, the tROC analysis showed that RiskScore and TNM staging were the best prognostic predictors (Figure 1E). Specifically, the model had 1-, 3-, 5-, and 8-year AUC values of 0.63, 0.63, 0.64, and 0.67, respectively (Figure 1F). The predictive utility of the model was assessed in the validation cohort. The survival analysis suggested significantly worse survival rates in the high-risk group (Figure S1A, P< 0.0001). Figure S1B shows the distribution of RiskScore and model genes in the GEO cohort. The 1-, 3-, 5-, and 8-year AUC values for the model in the validation cohort were 0.62, 0.67, 0.69, and 0.70, respectively (Figure S1C).



Predictive independence of the risk model

First, we investigated the relationship of RiskScore and corresponding clinical characteristics [including AJCC TNM stage, estrogen receptor (ER), progesterone receptor (PR) and human epidermal growth factor receptor 2 (Her2)] with the prognoses of patients using multivariate and univariate Cox regression. The univariate Cox regression analysis suggested that RiskScore (hazard ratio [HR] = 5.509, P< 0.001), TNM stage (HR = 2.149, P< 0.001), ER+(HR = 0.551, P = 0.008), PR+ status (HR = 0.515, P = 0.002), and Her2+ status (HR = 2.858, P=0.0353) in the training cohort were significantly associated with patient prognoses (Figure 3A); RiskScore (HR = 2.858, P< 0.001) and TNM stage (HR = 2.207, P< 0.001) were significantly associated with patient prognoses (Figure 3A). After correction for other clinical characteristics, the results of the multivariate Cox regression confirmed that RiskScore remained an independent prognostic factor for the OS of patients (TCGA: HR = 4.389, P< 0.001; GEO: HR = 2.552, P< 0.001) (Figure 3B). Thus, RiskScore could serve as a prognostic marker for OS in BRCA patients. Given that the TCGA cohort consisted of more detailed molecular types of BRCA, we constructed the nomogram to better quantify the risk assessment of these patients (Figure 3C). The correction curves showed good 1-, 3-, and 5-year stability, as also the accuracy of the nomogram (Figure 3D). Moreover, the tROC analysis showed that the nomogram was a better predictor relative to clinical characteristics (Figure 3E). DCA was performed to assess the decision benefit of the nomogram and the results showed its good applicability in 1-, 3-, and 5-year risk assessment of patients with BRCA (Figure 3F).




Figure 3 | Validation of the NRG-related risk model (A). Univariate Cox regression analysis for OS in TCGA and GEO cohorts; (B). Multivariate Cox regression analysis for OS in TCGA and GEO cohorts; (C). Nomogram for the NRG-related risk model; (D). Calibration curves for the nomogram; (E). tROC curves for the nomogram and clinical characteristics; (F). 1-, 3-, and 5-year DCA curves for the nomogram.





Functional enrichment analysis of the risk model

The correlations between RiskScore and some typical biological pathways were assessed. The heat map shows the relationship between RiskScore, activities of the biological pathways, and clinical characteristics (Figure 4A). The results of the correlation analysis between RiskScore and biological pathways are shown on the right of the heat map (Figure 4B). We found that angiogenesis was significantly positively correlated with RiskScore, while all immune-related pathways except myeloid inflammation were negatively correlated with RiskScore. Consistently, we observed that angiogenesis was significantly higher in the high-risk group, while the immune-related pathways were markedly enhanced in the low-risk group (Figure 4C). Further, GSEA showed that the pathways related to antigen presentation, chemokine secretion, and Toll-like receptor signaling (Figure 4D) were markedly upregulated in the low-risk group, while the high-risk group was significantly enriched in pathways associated with the ribosome and RNA splicing (Figure 4E). In summary, these results suggested that tumor angiogenesis and DNA replication were hyperactive in the high-risk group, while cell-killing and immune activities were markedly enhanced in the low-risk group.




Figure 4 | Functional analysis for the NRG-related risk model (A). Heat map showing the correlation between RiskScore, activities of biological pathways, and clinical characteristics; (B). Correlation analysis between RiskScore and biological pathways; (C). Box plots showing the differences in the activities of the biological pathways between the high-risk and low-risk groups; (D). GSEA plot showing the top five pathways of interest in the high-risk group; (E). GSEA plot showing the top four pathways of interest in the low-risk group ****p < 0.0001. ns, p > 0.05.





The immune landscape of the risk model

The association between the immune landscape and RiskScore was assessed in detail. The heat map shows the relationships between RiskScore, EstimateScore, the infiltration abundance of immune cell types, typical immune checkpoints (including PD-L1, PD-L2, PD-1, CTLA-4, LAG-3, and TIM-3), and clinical characteristics (Figure 5A). The corresponding correlations are shown on the right of the heat map (Figure 5B). The box plot showed an enhanced abundance of M0 macrophages, M2 macrophages, and activated dendritic cells in the high-risk group, while M1 macrophages, CD8T cells, and Gamma delta T cells are markedly upregulated in the low-risk group (Figure 5C), consistent correlational findings. Further, a significant positive correlation was observed between RiskScore and tumor purity, while those between EstimateScore, ImmuneScore, and expressions of the six immune checkpoints showed a substantial negative association. Consistently, box plots showed that tumor purity was elevated in the high-risk group, whereas EstimateScore, ImmuneScore, and expressions of the six immune checkpoints were elevated in the low-risk group (Figures 5 D, E). Overall, these results suggested that the high-risk group showed immunosuppression of antitumor effects, while the low-risk group exhibited active anti-tumor immune activity and cell-killing functions.




Figure 5 | The immune landscape of the NRG-related risk model (A). Heat map showing the correlations between RiskScore, EstimateScore, the abundance of immune cell infiltration, immune checkpoint expression, and clinical characteristics; (B). from top to bottom: correlation between RiskScore and EstimateScore, between RiskScore and immune cell infiltration abundance, and between RiskScore and immune checkpoint expression; (C). Box plot showing the differences in the abundances of immune cell infiltration between the high-risk and low-risk groups; (D). Box plot showing the differences in EsimateScore between the high-risk and low-risk groups; (E). Box plot showing the differences in immune checkpoint expression between the high-risk and low-risk groups *p < 0.05; **p < 0.01; ***p < 0.001 **** p < 0.0001. ns, p > 0.05.





Genomic mutations of subtypes

Recent studies show a strong correlation of TMB with anti-tumor immunity and immunotherapeutic efficacy, as high TMB generates a greater proportion of mutated peptide fragments that can be recognized by the immune system, resulting in an enhanced anti-tumor immunity function. Considering the clinical significance of TMB, we examined the correlation between TMB and RiskScore and the results showed a significant negative correlation between the two (correlation = -0.10, p = 0.034). There was no significant elevation in TMB in the low-risk group (Figure 6A). The forest plot shows that CDH1, PCLO, RYR2, and SPTA1 were significantly more frequently mutated in the high-risk group, whereas PIK3CA, FAT3, FAT4, and LRP1B were commonly mutated in the low-risk group (Figure 6B). In addition, the oncoplot showed the detailed mutational landscape in the high- and low-risk groups in BRCA (Figure 6C). As CNVs too can cause chromosomal variations, we further evaluated the correlation between RiskScore and CNVs. We found a greater number of CNV events (deletion and amplification) in the high-risk group (Figure 6D) relative to the low-risk group (Figure 6E). Box plots showed a significant increase in both deletion and amplification events in the high-risk group (Figures 6F, G).




Figure 6 | Landscape of genomic variations for the NRG-related risk model (A). Correlation between RiskScore and TMB; (B). Forest plot showing genes with significant differences in mutations between the high-risk and low-risk groups; (C). Oncoplot showing the significantly mutated genes between the high-risk and low-risk groups; (D). Circle plot showing the CNV landscape in the high-risk group; (E). Circle plot showing the CNV landscape in the low-risk group; (F). Box plot showing the differences in the number of chromosomal deletions between the high-risk and low-risk groups; (G). Box plots showing the differences in the number of chromosome amplifications between the high-risk and low-risk groups *p < 0.05; **p < 0.01. ns, p > 0.05.





The role of the risk model in guiding clinical decision-making

We first assessed differences in the sensitivity of BRCA patients to different chemotherapeutic agents and the findings suggested that the patients in the low-risk group of the TCGA cohort had enhanced sensitivity to gemcitabine, paclitaxel, and doxorubicin (Figure 7A). Same results in the validation cohort were obtained (Figure S2A). Overall, patients in the low-risk group exhibited a greater sensitivity towards chemotherapy and the DEGs between the risk groups could be potential targets of small molecule compounds. Thus, DEGs were queried on the Clue database for the identification of putative small molecule drugs. The waterfall diagram shows the potential 21 small molecule drugs and their corresponding target biological pathways (Figure 7B). Our results for immune landscape and genomic variations between groups suggested that RiskScore may be significantly related to the efficacy of immunotherapy. Hence, we assessed the patient response rates to immunotherapy using the TIDE algorithm (tide.nki.nl). Patients in the low-risk group of the TCGA cohort were more likely to respond to immunotherapy (P = 0.043, Figure 7C). Although the number of responses to immunotherapy was higher in the low-risk group of the training cohort, it was not statistically significant (P = 0.073, Figure S2B) Subsequently, subclass mapping results suggested that patients in the low-risk group showed enhanced sensitivity to anti-PD1 therapy in both TCGA and GEO cohorts (TCGA: false discovery rate [FDR] = 0.007, GEO: FDR = 0.001) (Figure 7D; Figure S2C). Finally, we computed the RiskScore in a well-established immunotherapy cohort, which showed significantly worsened survival in patients belonging to the high-risk group (P = 0.044, Figure 7E). The RiskScore was significantly higher in patients who did not respond to immunotherapy (Figure 7F). We then evaluated the relationship between TMB and neoantigens and RiskScore in the immunotherapy cohort, which showed that RiskScore was negatively correlated with TMB and neoantigen counts, both of which were markedly elevated in the low-risk group (Figures 7G, H). Thus, these results confirmed that the generated risk model was a powerful tool for guiding immunotherapy in patients with BRCA.




Figure 7 | NRG-related risk model in guiding decision-making for clinical treatment (A). Box plot showing predicted IC50 values of four commonly used drugs between the two risk groups; (B). Oncoplot showing the target small molecule compounds, wherein the horizontal axis represents the name of the small molecule inhibitor, while the vertical axis represents the specific biological pathway targeted by the small molecule inhibitor; (C). TIDE algorithm for predicting immunotherapeutic responses in the high-risk and low-risk groups; (D). Subclass mapping for predicting sensitivity to anti-PD1 and anti-CTLA4 treatment in patients belonging to the high-risk and low-risk groups; (E). KM survival curves for the high-risk and low-risk groups in the IMvigor 210 cohort; (F). Box plot showing the differences in RiskScore between patients in the treatment-responsive and non-responsive groups in IMvigor 210; (G). Correlation between RiskScore and TMB in the IMvigor210 cohort; (H). Correlation between RiskScore and neoantigens in the IMvigor 210 cohort *p < 0.05; ***p < 0.001.





Validation of key NRGs in the clinical samples

To further validate the stability of the model, we collected tumor tissues from 67 breast cancer patients from the clinic and examined the correlation between the staining intensity of the screened Markers: TRAF5, TLR3, RFK, FASLG, FADD, BIRC3, MAPK8 and the TME-related Markers CD11b and CD163 by immunohistochemical staining (Figure 8). We observed that the staining intensity of TRAF5, TLR3, RFK, FASLG, FADD, BIRC3. The staining intensity of MAPK8 showed a significant positive correlation with the staining intensity of CD11b and CD163 in TME (P< 0.01),the correlation coefficient of TRAF5 with CD11b was 0.106 and with CD163 was 0.506; the correlation coefficient of TLR3 with CD11b was 0.560 and with CD163 coefficient was 0.427; RFK had a correlation coefficient of 0.663 with CD11b and 0.280 with CD163; FASLG had a correlation coefficient of 0.508 with CD11b and 0.363 with CD163; FADD had a correlation coefficient of 0.606 with CD11b and 0.491 with CD163 0.491; BIRC3 had a correlation coefficient of 0.6540 with CD11b and 0.612 with CD163; MAPK8 had a correlation coefficient of 0.537 with CD11b and 0.569 with CD163. Overall, 7NRGS was positively correlated with TME, which is consistent with our results.




Figure 8 | TRAF5, TLR3, RFK, FASLG, FADD, BIRC3, MAPK8 showed significant positive correlation with the staining intensity of TME markers (A). Staining intensity of TRAF5 with TME-associated Markers CD11b and CD163, correlation coefficient of TRAF5 with CD11b is 0.106 and with CD163 is 0.506; (B). Staining intensity of TLR3 with TME-associated Markers CD11b and CD163, correlation coefficient of TLR3 with CD11b is 0.560 and the correlation coefficient with CD163 was 0. 427; (C). Staining intensity of RFK with TME-associated Markers CD11b and CD163, the correlation coefficient of RFK with CD11b was 0.663 and the correlation coefficient with CD163 was 0.280; (D). FASLG with TME-associated Markers CD11b and CD163 correlation coefficient, the correlation coefficient of FASLG with CD11b was 0. 508 and with CD163 was 0.363; (E). Correlation coefficient of FADD with TME-related Marker CD11b and CD163, the correlation coefficient of FADD with CD11b was 0.606 and with CD163 was 0.491; (F). Correlation coefficient of BIRC3 with staining intensity of TME-associated Markers CD11b and CD163, the correlation coefficient of BIRC3 with CD11b was 0. 6540 and with CD163 was 0.612; (G).The correlation coefficient of MAPK8 with TME-associated Markers CD11b and CD163, the correlation coefficient of MAPK8 with CD11b was 0.537 and with CD163 with a correlation coefficient of 0.569.






Discussion

In the present study, we constructed a prognostic model for BRCA patients using a robust LASSO algorithm based on NRGs. In addition, the associations of the model with the biological functions, immune microenvironment, and genomic variations in cancer progression were systematically assessed and the value of the prognostic model in guiding clinical treatment decisions was examined. We confirmed the suitability and accuracy of the constructed prognostic model for predicting survival in BRCA patients in the external validation and the training cohorts. Tumor angiogenesis and DNA replication were active, whereas immune and cell-killing activities were hyperactive in the low-risk group. Moreover, immune microenvironment analysis demonstrated that immune function and anti-tumor immunity were more active in BRCA patients having low RiskScores. Genomic variation analysis suggested a significantly higher frequency of mutations of CDH1, PCLO, RYR2, and SPTA1 in the low-risk group. Moreover, chromosomal amplification and deletion events were also significantly higher in the high-risk group. For clinical applicability, we determined that patients with BRCA in the low-risk group were more sensitive to chemotherapeutic agents. Finally, we predicted better immunotherapeutic responses among BRCA patients having low RiskScores by TIDE and subclass mapping algorithms, along with determining the predictive performance of the risk model in an external immunotherapy cohort.

Apoptosis is strongly associated with cancer progression, metastasis, and treatment response. Inhibiting apoptosis enhances tumor metastasis and resistance of malignant cells to chemotherapy (28, 29). Ferroptosis, pyroptosis, and necroptosis are emerging forms of apoptosis. As most tumors are innately resistant to apoptosis, the induction of apoptosis mechanisms is emerging as a new strategy for cancer treatment (9). Existing evidence confirms the predictive value of pyroptosis and ferroptosis for predicting the prognosis of BRCA (30, 31). In this study, for the first time, we focus on necroptosis as an alternate apoptosis mechanism. The NRGs-based risk model showed excellent predictive performance in both the training and external validation cohorts, with a significant reduction in survival rates among the high-risk patients, which suggested that NRGs may exert important effects in precision medicine for BRCA.

To examine the functional biological mechanism underlying the survival differences, the correlation between the risk model and biological pathways was analyzed. We found that angiogenic activity was significantly higher in the high-risk group. Previous studies report that active angiogenesis is critical for tumor growth and metastasis. It is associated with the suppression of immune functions. Inhibition of angiogenesis is also a promising therapeutic target for impeding tumor growth (32–34). However, immune-related pathways, including those involved in cell killing, CCR, antigen presentation, interferon response, and myeloid immunity were found to be more active in the low-risk group, which suggested that antigen presentation, anti-tumor immunity, and cell killing are more potent in this risk group (35–37). In addition, GSEA suggested active ribosomal functions and RNA replication in patients belonging to the high-risk group, as also elevated levels of antigen presentation, chemokine Toll-like receptor signaling, and natural killer cell activity in patients in the low-risk group, which suggested active tumor proliferation in patients in former and immune hyperfunction in the latter (38–40). Overall, the aforementioned findings suggested that tumor proliferation and metastasis are stronger in patients in the high-risk group causing significantly poorer survival in these patients; those in the low-risk group showed stronger anti-tumor immunity, which may contribute to resistance to treatment.

As TME and immune activity are strongly associated with cancer treatment and patient prognoses (41, 42), we assessed differences in TME and immune activity between the low-risk and the high-risk groups. Notably, the low-risk group had higher immune scores and immune checkpoint activity, which suggested that these patients were more immunocompetent. Increased abundance of M2 macrophages, M0 macrophages, and activated dendritic cells in the high-risk group was consistent with the findings of our previous study (43). In contrast, the abundance of M1 macrophages, CD8T cells, and Gamma delta T cells in the low-risk group suggested that these patients exhibited stronger anti-tumor immunity (43, 44). These results indicated a greater probability of occurrence of immunosuppressed ‘cold’ tumors with a weaker anti-tumor response in the patients belonging to the high-risk group, ultimately leading to a poorer prognosis. In contrast, patients in the low-risk group developed immunocompromised ‘hot’ tumors, thereby showing better prognoses.

TMB is a biomarker of immunotherapeutic responses. In general, higher TMB results in the production of more neo-antigenic peptides, that are recognized by the immune system, thereby allowing for enhanced sensitivity to immunotherapy; however, there is heterogeneity in its predictive efficacy for different tumors (6, 45). Our findings suggested that RiskScore was significantly negatively associated with TMB. The TMB was not substantially elevated in the low-risk group, which suggested that RiskScore could robustly identify patients with immunologically active ‘hot’ tumors relative to TMB. We also analyzed the CNV events in patients in the TCGA-BRCA cohort. Patients in the high-risk group had a greater proportion of chromosomal amplification and deletion events. Previous studies show that somatic structural rearrangement events in chromosomes actively drive oncogenesis, thereby leading to greater tumor heterogeneity and chemoresistance (46–48). These results suggested that patients in the high-risk group may not respond well to treatment and that those in the low-risk group may be more sensitive to immunotherapy and chemotherapy.

As our previous findings strongly suggested that patients in the low-risk group exhibited enhanced sensitivity to treatment, we analyzed the sensitivity of the patients in both BRCA risk groups towards chemotherapy and immunotherapy. Both in the validation and training sets, it was confirmed that the patients in the low-risk group exhibited elevated sensitivity to gemcitabine, paclitaxel, and doxorubicin. In addition, TIDE and subclass mapping algorithms also predicted that patients in the low-risk group showed enhanced sensitivity to PD1 immunotherapy. Moreover, in an external immunotherapy cohort, the patients in the low-risk group were more sensitive to PD-L1 treatment and had a longer survival duration. This may be attributed to the elevated TMB and neoantigen counts among patients in the low-risk group. In conclusion, these results confirmed that the risk model used in this study was a powerful tool for guiding the treatment of patients with BRCA in clinical settings.

The necroptosis model can be simply implemented based on PCR-based assay, suggesting the potential for clinical translation and implementation of this study. Nevertheless, this study has some limitations. First, due to the paucity of data, only inter-patient heterogeneity was considered; intratumoral heterogeneity remained unaccounted for. Second, although we have used some algorithms for the assessment of the accuracy of this risk model in predicting the sensitivity of patients towards chemotherapy and immunotherapy, further validation in a prospective cohort study and clinical data are required. Third, some commonly used biochemical and test indicators are seriously inadequate in the public database, this may obscure potential associations between NRG models and certain variables and affect clinical implementation. Finally, although we preliminarily confirmed the negative correlation between NRGs and TME in BRCA by immunohistochemistry, further mechanism experiments are necessary to explore their biological functions.



Conclusions

In summary, we pioneered the construction of an NRG-based risk model and identified high- and low-risk patients, showing heterogeneity in their functional status, immune microenvironment, genomic variant events, and clinical outcomes. In addition, the constructed risk model could be employed to predict BRCA patient sensitivity towards immunotherapy and chemotherapy. Overall, these results are expected to advance the understanding of necroptosis in tandem with the clinical management and precise treatment for BRCA.
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Supplementary Figure 1 | The NRG related risk model in GEO cohort (A). KM survival curves for the high- and low-risk groups in the GEO cohort (B). Survival status of patients and expression of marker genes in GEO cohort; (C).1-,3-,5-,and8-year ROC curves for the RiskScore in GEO cohort.

Supplementary Figure 2 | Validation of the treatment decisions in GEO cohort (A). Boxplot showing predicted IC50 values of four commonly used drugs between the two risk groups in the GEO cohort; (B). TIDE algorithm for predicting immunotherapeutic responses of two risk groups in the GEO cohort; (C).Subclass mapping for predicting sensitivity to anti-PD1 and anti-CTLA4 treatment in patients belonging to the high-risk and low-risk groups
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Non-pCR pCR P Non-MPR MPR P Non-ORR ORR P ALL
TMB Pre-NAC 10.639 2310 0.043 12.347 3.409 0.007 21.538 5.964 0.001 9.503
TMB Post-NAC 6.882 2.821 0.699 8.518 1.65 0.023 18.923 2.624 0.000 6.329
p 0.010 0.879 0.041 0.176 0.500 0.017 0.014
D50 Pre-NAC 2.066 0.467 0.010 2.203 1.086 0.018 2.560 1.638 0.034 1.848
D50 Post-NAC 2.037 2.833 0.125 1.667 3171 0.031 1.940 2.206 0.875 2.146
p 0.658 0.028 0.125 0.028 0.343 0.332 0.638
CD3 Pre-NAC 0.059 0.143 0.050 0.059 0.094 0.041 0.039 0.079 0.077 0.070
CD3 Post-NAC 0.153 0.050 0.191 0.132 0.153 0.490 0.151 0.135 0.906 0.139
p 0.003 0.109 0.019 0.499 0.068 0177 0.050
CD8 Pre-NAC 0.008 0.025 0.025 0.009 0.012 0.573 0.004 0.012 0.034 0.011
CD8 Post-NAC 0.019 0.008 0.356 0.0154 0.023 0.5635 0.005 0.022 0.021 0.017
p 0.000 0.109 0.001 0.735 0.144 0.055 0.021
CD4 Pre-NAC 0.040 0.059 0.166 0.055 0.024 0.410 0.030 0.046 0.693 0.021
CD4 Post-NAC 0.039 0.008 0.343 0.031 0.045 0.462 0.038 0.036 0.346 0.036
p 0.959 0.028 0.128 0.465 0.655 0.515 0.657
PD1 Pre-NAC 0.024 0.004 0.693 0.030 0.005 0.143 0.004 0.024 0.693 0.021
PD1 Post-NAC 0.012 0.008 0.752 0.013 0.009 0.705 0.021 0.009 0.480 0.011
p 0.575 0.039 0.499 0.715 0.180 0.314 0.722
TIM3 Pre-NAC 0.008 0.001 0.324 0.010 0.002 0.107 0.001 0.008 0.324 0.007
TIM3 Post-NAC 0.003 0.0004 0.343 0.002 0.006 0.186 0.002 0.003 0.814 0.003
p 0.241 0.635 0.043 0.465 0.655 0.214 0.213
PD1CD8 Pre-NAC 0.001 0.0007 0.072 0.001 0.0003 0.858 0.00007 0.001 0.229 0.001
PD1CD8 Post-NAC 0.001 0.0009 1.000 0.0014 0.0010 0.237 0.00023 0.002 0.108 0.002
p 0.025 0.593 0.140 0.128 0.068 0.068 0.027
PD1CD4 Pre-NAC 0.004 0.001 0.423 0.006 0.000 0.158 0.001 0.004 1.000 0.004
PD1CD4 Post-NAC 0.003 0.000 0.114 0.003 0.001 0.705 0.008 0.001 0.099 0.002
p 0.799 0.036 0.398 0.465 0.180 0.173 0.657
TIM3CD8 Pre-NAC 0.0006 0.000 0.335 0.001 0.000 0.074 0.000 0.001 0.335 0.0005
TIM3CD8 Post-NAC 0.0002 0.000 0.202 0.000 0.000 0.849 0.000 0.000 0.634 0.0002
p 0.953 0.108 0.345 0.109 0.180 0.735 0.477
TIM3 CD4 Pre-NAC 0.004 0.0003 1.000 0.005 0.000 0.045 0.000 0.004 0.689 0.003
TIM3 CD4 Post-NAC 0.001 0.000 0.114 0.001 0.002 0.571 0.001 0.001 0.480 0.001
p 0.575 0.083 0.091 0.273 0.180 0.314 0.953
CD4/CD8 Pre-NAC 5.256 5.145 0.197 6.392 2.929 0.734 3.025 5.680 0.519 5.237
CD4/CD8 Post-NAC 1.682 1.806 0.343 1.778 1.545 0.571 3.744 1.238 0.034 1.693
p 0.086 0.092 0.063 0.593 0.180 0.025 0.047

NAC, neo-adjuvant chemotherapy; Clinical response was evaluated according to RECIST (the Response Evaluation Criteria in Solid Tumors) 1.1; CR, complete response; PR, partial
response; SD, stable disease; PD, progressive disease; MPR, 10% or less percentage of residual viable tumor cells after neoadjuvant therapy; ER, estrogen receptor; PR, progesterone
receptor: HER2, human epidermal growth factor receptor 2; TNBC, triple-negative breast cancer. The bold values were those p values less than 0.05.
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826
723
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Variables Training group (n=413) Validation group (n=413)

No. % No. %

Age

<60 237 57.38% 240 58.11%

>60 176 42.62% 178 41.89%
Stage

| 86 20.82% 62 15.01%

I 225 54.48% 250 60.53%

1} 83 20.10% 83 20.10%

\% 12 291% 6 1.45%

X 7 1.69% 12 2.91%
T

T 129 31.23% 104 25.18%

T2 229 55.45% 263 63.68%

T3 36 8.72% 31 7.51%

T4 18 4.36% 14 3.39%

X 1 0.24% 1 0.24%
N

NO 191 46.25% 188 45.52%

N1 143 34.62% 146 36.35%

N2 47 11.38% 54 13.08%

N3 24 5.81% 17 4.12%

NX 8 1.94% 8 1.94%
M

MO 356 86.20% 357 86.44%

M1 12 291% 8 1.94%

MX 45 10.90% 48 11.62%
Gender

Female 406 98.30% 409 99.03%

Male e 1.70% 4 0.97%
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IncRNA miRNA R-value p value
NEAT1 miRNA-410-3p 0.111 2.54E-04
LINC00665 miRNA-410-3p -0.112 2.12E-04
IncRNA mRNA R-value p value
NEAT1 EMC2 -0.071 1.89E-02
LINC00665 EMC2 0.172 9.42E-09
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*p value < 0.05; **p value < 0.01; ***p value < 0.001.

Biomarker

CD19
CD79A
CD4
CD8A
CD8B
NOS2
IRF5
PTGS2
CD163
VSIG4
MS4A4A
CEACAMS
ITGAM
CCR7
HLA-DPB1
HLA-DQB1
HLA-DRA
HLA-DPA1
Cbh1C
NRP1
ITGAX
KIR2DL1
KIR2DL3
KIR2DL4
KIR3DL1
KIR3DL2
KIR3DL3
KIR2DS4
TPSB2
TPSAB1
CPA3
HDC
MS4A2
T-bet
STAT4
TNF-o.
GATA3
STAT6
STAT5A
IL13
STAT3
IL17A
BCL6

R value

-0.082
-0.09
0.032
0.0034
-0.06
0.054
0.17
0.022
0.18
0.058
0.18
-0.012
-0.055
-0.0054
-0.17
0.014
-0.016
0.0068
-0.18
0.064
0.027
0.029
0.069
0.096
0.014
0.032
0.076
0.048
-0.16
-0.18
-0.016
-0.046
0.015
-0.043
0.0091
0.093
0.087
0.036
0.028
0.031
0.25
0.043
0.068

p value

6.80E-03™
3.10E-08
3.00E-01
9.10E-01
4.70E-02*
7.80E-02
9.40E-09"**
4.70E-01
2.10E-05"**
5.50E-02
2.20E-05"*
6.90E-01
6.80E-02
8.60E-01
4.00E-08"*
6.50E-01
6.00E-01
8.20E-01
1.60E-09**
3.40E-02*
3.70E-01
3.40E-01
2.30E-02*
1.60E-03*
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3.00E-01
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1.20E-01
5.60E-08"
6.10E-09"*
6.10E-01
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Group ACC SEN SPE AUC

Training set 0.83 0.73 0.91 0.92
Validation set 0.80 0.68 0.90 0.88

SVM, support vector machine; ACC, accuracy; SEN, sensitivity; SPE, specificity; AUC, area under the curve.
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Characteristics

Age, years (Mean + SD)

Tumor size on MRI, median (IQR), cm

BI-RADS classification
BI-RADS 4
BI-RADS 5
BI-RADS 6
Histological type
Invasive ductal carcinoma
Others
Histological grade
|
[}
n
Molecular subtype
Luminal A
Luminal B
HER-2 positive
Triple negative

Training set (n = 123)

Total (n = 123)
46.30 + 10.80
2.20(1.70-3.10)

51 (41.5%)
49 (39.8%)
23 (18.7%)

114 (92.7%)
9 (7.3%)

7 (6.7%)
77 (62.6%)
39 (31.7%)

0 (16.3%)
0 (48.8%)
8 (14.6%)
5 (20.3%)

NN

SLN+ (n = 56) SLN- (n = 67)
4507 47.33
£11.14 +10.48
2.75 (1.92-3.77) 1.90 (1.50-2.70)
17 (30.3%) 34 (50.7%)
31 (55.4%) 18 (26.9%)

8 (14.3%) 15 (22.4%)
54 (96.4%) 60 (89.6%)

2 (3.6%) 7 (10.4%)
4(7.1%) 3 (4.5%)

33 (59.0%) 44 (65.7%)
19 (33.9%) 20 (29.8%)

7 (12.5%) 13 (19.4%)
26 (46.43%) 34 (50.8%)
11.(19.7%) 7 (10.4%)
12 (21.4%) 13 (19.4%)

P-value

0.250

<0.01
0.006

0. 180

0.689

0.418

Validation set (n = 54)

46.54 + 9.60
2.15(1.60-2.92)

29 (53.7%)
17 (31.5%)
8 (14.8%)

47 (87.0%)
7 (13.0%)

4(7.4%)
33 (61.1%)
17 (31.5%)

11 (20.4%)
29 (63.7)
4(7.4%)

10 (18.5%)

P*-value

0.890

0.488
0.321

0.259

0.909

0.536

SLN+, patients with SLN metastasis; SLN-, patients without SLN metastasis; SD, standard deviation; IQR, interquartile range; HER2, human epidermal growth factor receptor-2.
Data are numbers of patients, with percentages in parentheses.
P-value < 0.05 indlicates a significant difference between SLN+ and SLN- group in the training set.
P*-value < 0.05 indicates a significant difference between training and validation sets.
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Machine learning algorithm Training set Validation set

ACC SEN SPE AUC ACC SEN SPE AUC
SVM 0.83 o7 0.94 091 0.78 0.60 0.90 0.86
RF 1.00 1.00 1.00 1.00 0.81 0.72 0.90 0.85
LR 0.84 077 0.90 0.92 0.78 0.68 0.86 0.84
GBDT 1.00 1.00 1.00 1.00 0.72 0.68 0.76 0.82
DT 1.00 1.00 1.00 1.00 0.74 0.68 0.79 0.74

SVM, support vector machine; RF, Random Forest; LR, logistic regression; GBDT, Gradient Boosting Decision Tree; DT, Decision Tree; ACC, accuracy; SEN, sensitivity; SPE, specificity;

AUC, area under the curve.
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Clinical factor

Age

size

LN Metastasis
radiotherapy
chemotherapy
grade
Subtype
OBFC2A

Univariate Multivariate

HR CI95.low CI95.high P.value HR CI95.low Cl95.High P.value
0.991 0.985 0.997 0.003547 1.002 0.995 1.009 0.613026
1.198 0.78 1.825 0.416574 1.061 0.69 1.633 0.786536
1.168 1.002 1.339 0.046674 0.839 0.701 1.003 0.054062
1.408 1.21 1.638 1.00E-05 1.407 1.201 1.648 2.40E-05
1.779 1.503 2.106 0 1.989 1.557 2.541 0
1.006 0.872 1.159 0.939048 0.837 0.715 0.98 0.026982
1.181 0.98 1.423 0.079825 0.787 0.626 0.988 0.03943
3.612 2.009 6.493 1.80E-05 3.658 1.881 7.114 1.33E-04
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ROI segmentation

Radiomic feature extraction and preprocessing

(1316 features) (The maximum and minimum values normalization)

Training set Validation set
n=123(70%) n=54(30%)
(56 positive SLN,67 negative SLN) (25 positive SLN,29negative SLN)

Radiomic feature selection
(The optimal feature filter and LASSO)

Machine learning model construction

(SVM, RF, LR, GBDT, DT)

Prediction performance evaluation
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Trial

PARP inhibitor

Setting

Trial characteristics

End points

Study start date
(study end)

VIOLETTE NCT03330847 (98)

SEASTAR
NCT03992131 (29)

NCTO3901469 (100)
NCT03911973 (101)
OPHELIA

NCT08931551 (102)
NCT02158507 (103)

Olaparb 300 mg versus olaparb 300 mg
+ oeralasertb versus olaparib 300 mg +
adavosertb

Rucaparib + sacituzumab govitecan

ZEN 003694 (oromo-domain inhibitor) +
talazoparib 1 mg

Talazoparib 1 mg + getatoisb (PI3K and
mTOR inhibiton)

Olaparib 300 mg bid + trastuzumab 4 mg/
kg folowed by 2 mg/kg or 600 mg
suboutaneous 21 days

Veparib +lapatiib

Metastatic breast cancer-stratified HR-
related genes

Advanced solid tumor with deleterious
mutation in BRCA1/2, PALB2, RADS1C,
RADS1D including TN breast cancer

Pretreated metastatic triple negative breast
with no gBRCA1/2 mutation

Advanced HER2-negative breast cancer,
including TN

Metastatic HER2-postive BRCA-mutated
BC

Metastatic HER2-positive BRCA-mutated
BC

Phase Il randomized;
N=273

Phase Il, not randomized
N=49

Phase|, I
N=54

Phase , single arm
N=20

Pilot study;
N=23

Primary endpoint: PFS; secondary: ORR; DoR; OS; safety

Primary endpoint:
safety, ORR;
Secondary endpoint: DoR, PFS

Primary endpoint: safety, tolerabiity, ORR
Secondary; pharmacokinetic analysis, TTP, PFS, DoR, QoL

Primary endpoint: safety; ORR
Secondary: PFS, DoR, O, CBR

Primary endpoint:
CBR;

Secondary: ORR, PFS, DoR, OS, Safety, HRQoL.
Primary endpoint: safety

Secondary endpoint: ORR, PFS

Status: active not recruiting
Start: Jun 2017; End: Sep
2021

Status:

Active nor recruiting

Start: Jun 2019

End: Mar 2024

Status: recniting

Start: June 2019

End: Jan 2022

Status: recring

Start: Apr 2018;

End. May 2022

Status: recnting

Start: Apr 2019;

End Nov 2020

Status active not recruiting
Start: July 2014;

End: Dec 2020

BC, breast cancer; CBR, clinical benefitrate; DoR, duration of response; gBRCA, germiine BRCA; HAD, homologous recombinant deficiency; HRQoL, health-related qualty of ife; ORR, overal response rate; OS, overall survival; PFS, progression-iree survival;

TN, triple negative; TFST, time to first subsequent treatment or death; TTP, time to progression.
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TBCRCO48 (104)  Olaparib 300 mg bid/day ~ Metastatic BC with germiine or  Phase Il single arm Primary endpoint: Status:
somatic mutation in HRD N=114 safety, ORR; Recruiting
Secondary endpoint: CBR, PFS, safety Start: Nov 2017
End: Apr 2021
RUBY trial Rucaparib 600 mg bid/  HER2-negative metastatic breast Phase Il single arm; Primary endpoint: CBR; Secondary: ORR; OS, PFS; Status: completed

NCT02505048 (105) day

NCT 02401347
(106)

Talazoparib 1 mg

cancer with BRCAness genormic
signature

HER2-negative metastatic BC in
BRCA1/2 WT, HRD

N=41

Phase Il single arm
N =40

safety

Primary endpoint:
ORR
Secondary: CBR, PFS, safety

Start: Jun 2015; End: Jun 2021 (ast
update

Status: recruiting.

Start: Mar 2015;

Last update: Aug 2020

BC. breast cancer: CBR, clinical banafit rate: HRD, homalogous recombinant daficiency: ORR, overal resparnice rate; 0S, overall survivak PFS, prograssion-free survival: WT, wid iypa.
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Trial N Patients
OmpiAD (39, 68, 302 (phase ll)  gBRCA mutated, pretreated (<2
72,73) lines of chemotherapy) HER2

neg mBC

EMBRACA (38, 74) 431 (phase )  gBRCA mutated, pretreated (<3
lines of chemotherapy) HER2
neg mBC

ABRAZO (75) 84 (phase ) Pretreated gBRCA mBC with CR

or PRafter platinum
chemotherapy (cohort 1) or
platinum-naiive patients who had
received <3 cytotoxic
chemotherapies (cohort 2)

Triple negative
patients

49.8%

40%

59% cohort 1;
17% cohort 2

Arms

Olaparib 300 mg
bid versus TPC (R
2:1)

Talazoparib 1 mg
vs. TPC

Talazoparib 1 mg
vs. placebo

Endpoints

Primary endpoint: PFS
Secondary endpoints:
ORR; OS, safety;
HrQoL

Primary endpoint: PFS
Secondary endpoints:
ORR; OS, safety;
HrQoL

Primary endpoint: ORR
Secondary endpoints:
CBR, PFS, DoR

Results
Primary endpoint:

PFS = 7.0 vs. 4.2 m; HR: 0.58; 95% Cl: 0.43 to 0.80; p < 0.001
Secondary endpoints:

ORR = 59.8 5. 29.8%
0S (final) = 19.3 vs. 17.1 m HR: 0.90, 95% Cl: 0.66-1.23; p = 0.513
Safety: lower grade 3 events rate with olaparib than TPC (38 vs. 49%)
HRQoL significantly improved with olaparib

Primary endpoint:

PFS = 8.6 v5. 56 m, HR: 0,54, 95% Cl: 0.41-0.71; p = 0.001
Secondary endpoints:

ORR: 62,6 vs. 27.2%

0 (final) = 19.3 vs. 19.5 m HR: 0.85, 95% Cl: 0.670-1.073; P = 0.17
Safety = higher grade 3 hematological events with talazoparib (55 vs.
36.1%); lower grade 3 non-hematological events with talazoparib (32 vs.
38%)

HRQoL significantly improved with talazoparib

Primary endpoint: ORR 28% (21% cohort

1, 87% cohort 2); 2 CRs, 21 PRs, 36 SD

Median DoCR: 4.9 months (5.8 months

cohort 1, 3.8 months cohort 2)

CBR: 35% (27% cohort 1, 46% cohort 2)

ORR: 26% (TNBC), 29% (HR+),

Median PFS: 4.0 months (cohort 1) and

5.6 months (cohort 2)

Median OS: 12.7 months (cohort 1) and

14.7 months (cohort 2)

Grade > 3 hematologic: 58%

(cohort 1) and 60% (cohort 2); grade = 3

Non-hematologic 27% (cohort 1)

and 31% (cohort 2)

Cohort 1: association between higher ORR and longer median PFS with
longer platinum-free interval

BC, breast cancer; CBR, clinical benefit rate; DoR, cluration of response; gBRCA, germiine BRCA; HRQL., heath-related quality of ife; mBC, metastatic breast cancer; ORR, overal response rate; OS, overall survival; PFS, progression-free

survivel: TN, triole negativer TPC, treetment physician's choice.
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Trial PARP inhibitor Setting Trial characteristics End points Study start date (study end)

ABC NCT02826512 (76)  Niraparib monotherapy LA incurable or metastatic  Phase Il, single-amm niraparib, <1~ Primary: PFS Status: recruitment ongoing
(300 mg QD Her2 negative, BRCA-1 lie  prior line of therapy for Secondary: ORR, duration of response, toxicity Start: May 2018
continuously) BC advanced BC End: Aug 2022
N. patients: 39
BRAVO NCT01905592  Niraparib 300 mg once  Previously treated, Her2- Phase Ill, randomized, open-  Primary: PFS Status: active, not recruiting
(77) daily continuously vs. negative, gBRCA mutated, label, multicenter, controlled Secondary: OS, health-related QoL Start: June 2013
TPC (vinorelbine or metastatic BC, <2 previous . patients: 215 End: Oct 2019
eribuiine or therapies for metastatic Study prematurely closed
capecitabine) disease because of highly censored
patients in the control arm
LUCY NCT03286842 (78) Olaparib monotherapy ~ Metastatic Her2-negative, Phase lllb, open-label, Primary: PFS in real-word setting in gBRCA 1/2 mutated  Status:
150 mg twice daily GBRCA or SBRCA mutation,  multicenter Secondary: OS in gBRCA mutated, TFST in gBRCA Start: Jan 2018
continuously <2 previous therapies for N. patients: 256 mutated, TSST in gBRCA mutated; TDT in gBRCA End: Nov 2020
metastatic disease mutated; PFS2 in gBRCA mutated; CRR in gBRCA
mutated; DoCR in gBRCA mutated, safety and tolerabilty
NCT02401347 (79) Talazoparb 1 mg/day  Pretreated metastatic TN with ~ Phase Il not randormized; N = 40  Primary endpoint: ORR; secondary: CBR, PFS, safety  Status: active
HRD based on Miiad HRD Start: August 2015
assay End: December 2022
Recrting

BC, breast cancer; CBA, clnical beneft rate; Do, duration of response; GBRCA, germiine BRCA; HRD, homologous recombinant deficiency; HRQoL, health-related qualty of lfe; ORR, overall response rate; OS, overall survival; PFS,
prograssion-free survival: TN, triole negative; TPC. reatment physician’s chaice: TFST, time fo frst eubsequant reatment or death; TSST. time #o second subsedquent reatment or death.
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Trial PARP inhibitor Setting Trial characteristics. End points Study start date
(study enc)
TOPACIO Niraparib up to 300 mg PO dd 1-21 + Pembrolizumab  Advanced or metastatic trile negative breast  Phase | (niraparib dose escalation)/  Primary: phase I: - niraparib DLTs, toxicity  Status: active, not recruiting
NCT02657889 (53) 200 mg iv. every 21 days cancer or recurrent ovarian cancer phase Il study - ObRR Start: Mar 2016
N. patients: 122 Secondary: phase |: - safety and tolerabilty,  End: Mar 2020
DOR, PFS, OS, PK

MEDIOLA Olaparib 300 mg b.i.d. + MEDI4736 (durvalumab) Advanced sold tumors (NSCLC, gBRCAm  Phase Il multicenter, Primary: DCR, ORR, safety, Status: active, not recruiting
NCT02734004 (84) 1500 mg iv. every 28 days from 5 weeks vs. olaparib  TNBC, gBRCAM ovarian cancer, gastric N. patients: 264 Secondary: PFS, OS, DoR, pharmacokinetic ~ Start: Apr 2016

300 mg bi.d. + MEDI4736 (durvalumab) 1,500 mg iv.  cancer) End: Apr 2021

every 28 days vs. olaparib 300 mg bid. + MEDIA736

(durvalumab) 1,500 mg i.v. every 28 days and

beacizumab every 14 days.
DORA Olaparb 300 mg b.i.d. monotherapy vs. olaparib Inoperable, LA or metastastic TN Phase Il randomized, muticenter  Primary: PFS Status: active, recriting

NCT03167619 (85)
NCT02484404

86)

DOLAF

NCT04053322 (87)
Olaparib and atezolizumab
NCT02849496 (6)
NCT04683679 (59)

JAVELIN BRCA/ATM
NCT 03565991 (90)

TALAVE
NCT03964532 (1)

TARA
NCTO4690855 (92)

SHR-1210 + apatinib and
fluzoparib
NCT08945604 (53)

same doses + durvalumab iv. every 28 days

Olaparib + cediranib + MEDI4736 (durvalumab)

Olaparb 300 mg b.id. + durvalumab 1,500 mg i.
every 28 days from cycle 2 + fuvestrant 500 mg im.
cyole 1 days 1 and 15, from cycle 2 day 1 every 28
days

Olapario b.id. dd 1-21 every 21 days monotherapy
(arm ) or olaparib + atezolzumab every 21 days (arm
1]

Pembrolizumab + RT +7- olaparib 300 mg

Talazoparib 1 mg day1-28 + avelumab 800 mg every
2 weeks.

Talazoparib induction 1 mg daly p.0. D 1-28 for cycle
1, from cydle 2 and subsequently: talazoparib same
doses and avelumab i.v. 800 mg every 2 weeks.
Talazoparkb + radiotherapy + atezolzumab

SHR-1210 (anti-PD-1 antibody)
with apatinib PO and fluzoparib PO

in combination

‘adenocarcinoma, previously treated with first-
or second-ine platinum-based therapy, with
diinical benefit

Advanced solid tumors (ovarian, TN, lung,
prostate, CRC)

HR-positive, Her2-negative, LA or metastatic
breast cancer with BRCA gene alterations or
with HRR gene alterations or with MS! status.

LA or metastatic, HDR deficient, Her2-
negative BC

Recurrent or metastatic TN

Locally advanced or metastatic solid tumors
with BRCA or ATM defect

Advanced breast cancer not amenable of
curative intent

Metastatic TN gBRCA 1,2 negative; PD-Lt
positve

Recurrent and metastatic triple negative breast
cancer

study
N. patients: 60
Phase ;N = 384

International, mulicenter, phase Il
single arm study
N. patients: 158

Phase Il open-iabel, randomized
N. patients: 72

Phase Il, randomized
N=56

Phase Il, single-arm study
N =202

Phase I, pilot trial
N:24

Phase ll; N =

Phase Ib, open-iabeled, muti-
center, dose-exploring trial
N. patients: 52

Secondary: OS, safety and tolerabilty, ORR,

Primary: safety, tolerabilty, ORR;
Secondary; PFS

Primary: PFSR
Secondary: Safety, OS, ORR, DoR, PFS

Primary: PFS
Secondary: ORR, DoR,

Primary endpoint; ORR

Primary endpoint
ORR
Secondary: TTR, DOR, PFS, 0S

Primary: safety and tolerabiity
‘Secondary: ORR

Primary endpoint: ORR
Secondary: safety, PFS, OS, DoR, TTP

Primary: DLT (dose-limiting toxicity)
Secondary: AEs and SAEs, ORR, DoR,
DCR, PFS, 12-months OS rate

Start: Oct 2018
End: Dec 2020

Status: active

Start: Jun 2015

End: Dec 2022

Status: active, recruting
Start: Aug 2019

End: Aug 2025

Status: active recriting
Start: Nov 2016

End: Aug 2020

Status:

Active

Start: Dec 2020;

End: Jan 2025

Status: active not recruiting
Active

Start: Jun 2018;

End: May 2021

Status: Active, recruiting
Start: Apr 2019

End: May 2021

Status:

Active, recruiting

Start: Apr 2021;

End: Apr 2023

Status: active, reoniing
Start: Jun 2019

End: Dec 2020

BC, breast cancer; CBR, cinical beneft rate; DDFS, distant disease-free survival: DoR, duration of response; gBRCA, germine BRCA; HRD, homologous recombinant deficiency; HRQOL, health-related quality of ife; ORR, overall response rate; OS, overal
survival; pCR, pathologic complete response; PFS, progression-free survival; TDT, time to study treatment discontinuation or death; TN, triple negative; TPC, treatment physician's choice; TFST, time to first subsequent treatment or death; TSST, time to second
subsequent treatment or death: TTR, time to response.
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Trial

BROCADE-3
NCT02163694
(94)

Veliparib and
carboplatin
NCTO1149083
(95)

Veliparib and
temozolomide
NCT01000788
(96)

Cisplatin with or
without veliparib
NCT02595905
(97)

PARP inhibitor

Veliparib+ carboplatin d1q21 + paclitael
weekly vs. placebo + carboplatin d1g21 +
paclitaxel weekly

Veliparib PO BID on days 1-21 (am 1) vs.
carboplatin IV on day 1 and veliparib as in am
1 (arm 2)

Velparib PO twice a day on days 1-7 of each
28 day cycle + temozolomide
orally once a day on days 1-5 of a 28-day cycle

Cisplatin IV on day 1 and placebo PO BID on
days 1-14 (arm 1) vs. cisplatin IV over 1 h on
day 1 and veliparib PO BID on days 1-14

Setting Trial
characteristics

HER2 negative germline BRCA mutated Phase lll, randomized
breast cancer

Recurrent stage lIB, stage IIiC, or stage  Phase Il, randomized,

IV, BRCA-mutated, BC open label
N. patients: 71

Different subtypes of metastatic breast  Phase Il, single group,

cancer, expanded cohort of BRCA 1/2  open-label

mutation carriers N. patients: 64

Recurrent or metastatic triplenegative  Phase Il randomized

breast cancer, with or without BRCA placebo-controlied trial

mutation, with or without brain metastases  N. patients: 333

End points

Primary endpoint: PFS;

Secondary endpoint:

08, CBR, ORR, PFSI|

N=513

Primary: efficacy of single agent veliparib by
AR

Secondary: PFS, safety, and tolerabilty of
veliparib with or without carboplatin in
BRCA mutated, pharmacokinetics,
biomarkers analysis

Primary: ORR, safety, and efficacy in BRCA
1/2 mutation carriers

Secondary: safety and tolerabilty in
combination therapy, PFS, CBR

Primary: PFS

Secondary: OS, response rate, CBR

Study start date (study end)

Status: active not recruiting
Start: Jun 2014

End: August 2020 (ast
update)

Status: active, Not recriting
Start: Jun 2010

End: Dec 2020

Status: Active, not recruiting
Start: Nov 2009
End: Dec 2021

Status: active, not recruiting
Start: Jul 2016
End: Oct 2021

BC, breast cancer; CBA, clnical beneft rate; Do, duration of response; GBRCA, germiine BRCA; HRD, homologous recombinant deficiency; HRQoL, health-related qualty of lfe; ORR, overall response rate; OS, overall survival; PFS,
prograssion-free survival: TN, triole negative; TPC. reatment physician’s chaice: TFST, time fo frst eubsequant reatment or death; TSST. time #o second subsedquent reatment or death.
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No. of patients BRCA1 BRCA2
N % P value N % P value

Molecular subtype

TNBC 66 5 76 0.006 3 4.5 0.64

HR+ 191 3 16 " 58

HER2+ 99 0 0 3 3.0
Family History

Breast/ovarian cancer 35 1 29 0.04 4 1.4 017

Other cancers 64 4 6.3 2 3.1

No 257 3 1.2 11 4.3
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Variables BRCA1 P value BRCA2 P value

Noncarriers Carriers Noncarriers Carriers
N=348 (n(%)) N=8 (n(%)) N=339 (n(%)) N=17 (n(%))
Age at diagnosis (year)
Mean (SD) 48.8 (11.2) 48.8 (8.31) 0.99 49.2 (11.0) 41.1 (12.0) 0.003
Median (range) 49.0[21.0, 87.0] 50.0 [35.0, 62.0] 50.0 [26.0, 87.0] 40.0[21.0, 62.0]
<30 16 (4.6%) 0(0%) 1 12 (3.5%) 4(23.5%) 0.003
30-40 67 (19.3%) 1(12.5%) 63 (18.6%) 5 (29.4%)
40-50 105 (30.2%) 3(37.5%) 104 (30.7%) 4(23.5%)
>50 160 (46.0%) 4 (50.0%) 160 (47.2%) 4 (23.5%)
Family history
Breast/ovarian cancer 34 (9.8%) 1(12.5%) 0.04 31(9.1%) 4 (23.5%) 0.17
Other cancers 60 (17.2%) 4 (50.0%) 62 (18.3%) 2 (11.8%)
No 254 (73.0%) 3 (37.5%) 246 (72.6%) 11 (64.7%)
Tumor size
TO-1 (<2cm) 111 (31.9%) 2 (25.0%) 1 107 (31.6%) 6 (35.3%) 0.62
T2-4 (>2cm) 151 (43.4%) 3(37.5%) 143 (42.2%) 11 (64.7%)
Stage IV 60 (17.2%) 3(37.5%) 63 (18.6%) 0(0%)
Unknown 26 (7.5%) 0(0%) 26 (7.7%) 0(0%)
Histology of tumor
IDC 297 (85.3%) 6 (75.0%) 0.44 287 (84.7%) 16 (94.1%) 0.84
ILC 13 (3.7%) 0 (0%) 13 (3.8%) 0 (0%)
Others 38 (10.9%) 2 (25.0%) 39 (11.5%) 1(56.9%)
Tumor grade
-l 172 (49.4%) 2 (25.0%) 0.03 163 (48.1%) 11 (64.7%) 0.79
1] 91 (26.1%) 6 (75.0%) 92 (27.1%) 5 (29.4%)
Unknown 85 (24.4%) 0 (0%) 84 (24.8%) 1(5.9%)
Ki67 index
<14% 36 (10.3%) 0 (0%) 1 33(9.7%) 3(17.6%) 0.44
>14% 261 (75.0%) 7 (87.5%) 254 (74.9%) 14 (82.4%)
Unknown 51 (14.7%) 1(12.5%) 52 (15.3%) 0 (0%)
Lymph node(count)
NO (0) 100 (28.7%) 1(12.5%) 0.47 92 (27.1%) 9 (62.9%) 0.002
N1-2 (1-9) 129 (37.1%) 4 (50.0%) 131 (38.6%) 2 (11.8%)
N3 (>9) 44 (12.6%) 0 (0%) 38 (11.2%) 6 (35.3%)
Stage IV 60 (17.2%) 3(37.5%) 63 (18.6%) 0(0%)
Unknown 15 (4.3%) 0 (0%) 15 (4.4%) 0 (0%)
Molecular subtype
TNBC 61 (17.5%) 5 (62.5%) 0.006 63 (18.6%) 3(17.6%) 0.64
HR+ 188 (54.0%) 3 (37.5%) 180 (63.1%) 11 (64.7%)
HER2+ 99 (28.4%) 0 (0%) 96 (28.3%) 3(17.6%)
DFS
Median (Range) 31.0[0, 335] 6.50 [0, 91.0] 29.0 [0, 335] 45.0[10.0, 125]
<12 months 104 (29.9%) 5 (62.5%) 0.36 106 (31.3%) 3(17.6%) 0.04
12-24 months 51 (14.7%) 1(12.5%) 52 (15.3%) 0 (0%)
24-36 months 40 (11.5%) 1 (12.5%) 37 (10.9%) 4(23.5%)
36-60 months 60 (17.2%) 0(0%) 54 (15.9%) 6 (35.3%)
>60 months 93 (26.7%) 1(12.5%) 90 (26.5%) 4(23.5%)
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Variables

No. of patients

Disease-Free Survival

Overall Survival from Diagnosis

Univariate analysis

Multivariate analysis

Univariate analysis

Multivariate analysis

mDFS (95%Cl) (m) pvalue HR (95% CI) pvalue mOS (95%Cl) (m) pvalue HR (95% Cl) p value
Median age (range) 49 (21-87)
Age at diagnosis (years)
<30 16 (4.5%) 39.0 (23.9-54.1) 0.001 1 NA™ 0.048 1
30-40 68 (19.1%) 48.0 (28.3-67.7) 0.45 (0.25-0.81)  0.008 NA 077 0.17-3.61) 074
40-50 108 (30.3%) 43.0(32.9-53.1) 0.7 (0.4-1.2) 0.19 NA 0.86 (0.19-3.8) 0.84
>50 164 (46.1%) 35.0 (30.5-39.5) 0.89 (0.52-1.52) 0.66 147.0 (86.6-207.4) 1.73(0.42-7.19) 0.45
Family history
No 257 (72.2%) 40.0 (34.0-46.0)  0.436 1 NA 0.283 1
Breast/ovarian cancer 35 (9.8%) 41.0 (12.8-69.2) 0.98 (0.64-1.48) 091 NA 166 (0.72-381)  0.23
Other cancers 64 (18.0%) 36.0 (26.4-45.6) 1.16 (0.82-1.65) 0.4 NA 1.22(0.65-269) 0.62
Tumor grade
-l 174 (48.9%) 41.0 (33.4-48.6) 0.000 1 NA 0.004 1
1] 97 (27.2%) 22,0 (13.0-31.0) 1.45(1.1-1.91)  0.008 NA 224 (1.27-396) 0.006
Unknown 85 (23.9%) 67.0(33.8-100.2) NA
Lymph node
NO (0) 101 (28.4%) 42.0(33.9-50.1) 0.000 1 NA 0.000 1
N1-2 (1-9) 133 (37.4%) 36.0 (26.8-45.2) 1,02 (0.76-1.36)  0.91 NA 11(0.54-2.22)  0.80
N3 (>9) 44 (12.4%) 35.0 (22.0-48.0) 167 (1.11-252) 001 107 (71.8-142.2) 2.16(0.94-4.94) 0.7
Stage IV 63 (17.7%) 0 52.0 (35.6-68.4)
Unknown 15 (4.2%) 98.0 (70.2-125.8) NA
Molecular subtype
TNBC 66 (18.5%) 17.0 (14.2-19.8) 0.000 1 NA 0.030 1
HR+* 191 (53.7%) 50.0 (41.2-58.8) 0.65 (0.46-0.92)  0.01 NA 042(02-0.89)  0.02
Her2+ 99 (27.8%) 32.0(25.3-38.7) 0.95 (0.64-1.41)  0.81 NA 0.75(0.34-1.64)  0.46

"HR+=HR+Her2.
“*NA=not applicable.
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Variables Univariable Multivariable

Hazard Ratio (95% CI)' p-value? Hazard Ratio (95% CI) p-value

TREM!1 (continuous) 1.36 (1.25-1.48) 1.9X1012 1.24 (1.12-1.37) 3.2X10°0
PAMS50: NL vs. Basal 2.74 (1.82-4.14) 1.5 X10%® 1.75 (1.00-3.07) 5.2 X102
NL vs. Claudin Low 2.75 (1.63-4.65) 1.6 X104 1.04 (0.51-2.17) 9.0 X10'

NL vs. HER2E 3.60 (2.40-4.43) 8.7 X10° 217 (1.27-3.71) 4.7 X10°%

NL vs. LumA 1.37 (0.90-2.06) 1.4 X100 0.96 (0.57-1.62) 8.8 X10'

NL vs. LumB 3.56 (2.40-5.30) 27 X161 2.18 (1.31-3.64) 2.9 X10%
Grade: | vs. Il 2.50 (1.62-3.85) X0 1.95 (1.22-3.13) 5.4 X107
Tvs. il 4.30 (2.81-6.55) 1.7x10" 2.44 (1.51-3.96) 3.0X10%

4,287 (2.805,6.551)

T size: <20mm vs. 20-50mm 1.43(1.18-1.79) 23X10% 1.40 (1.10-1.78) 6.8 X10°
<20mm vs. >50mm 3.21 (2.11-4.90) 6.0 X108 2,89 (1.59-5.25) 5.0 X10°%

LN Status (-,+) 1.63 (1.34-1.98) 1456109 1.88 (1.35-2.61) 2.0 X10%
Age (<40 yrs, >40 yrs) 0.66 (0.50-0.84) 2,6 X10%® 0.77 (0.57-1.05) 1.0X100!
ER Status (-+) 0.68 (0.56-0.84) 3.6 X10 0.93 (0.68-1.26) 6.2 X10"
Adjuvant Treatment (no, yes) 0.89 (0.74-1.06) 1.9X10° 0.55 (0.40-0.75) 2.3 X109
IMM: PID vs. WID 0.62 (0.50-0.77) 8.8X10%° 0.62 (0.47-0.80) 3.8 X10°%
PID vs. FID 0.54 (0.50-0.77) 6.9X10% 0.47 (0.33-0.66) 1.2X10°%

195% confidence interval: 2likelihood ratio test p-value.
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P-value*

Characteristics n Hazard Ratio (95% CI)®

Al 1954 1.40 (1.25-1.48) 1.9 X107
ER/LN Status'

ER* 1343 1.30 (1.17-1.44) 9.6 X10%7
ER" 401 1.44 (1.24-1.66) 1.4 X10°%
LN* 437 1.30 (1.12-1.50) 6.0 X100
LN 1498 1.34 (1.24-1.51) 3.2X107°
Molecular Subtype

Basal-like 334 1.55 (1.29-1.85) 1.9 X10°%
Luminal A 565 1.25 (1.00-1.55) 4.7 X102
Luminal B 399 1.19 (1.03-1.38) 2.2 X102
HER2E 281 1.18 (0.97-1.42) 9.3Xx10"
Claudin-low 92 1.13 (0.84-1.52) 43Xx10°!
Normal-like 257 1.16 (0.84-1.60) 37x109

TEstrogen receptor/lymph node status; 2number of patients; °95% confidence interval: “likelihood ratio test P-value.
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Variable Univariate analysis Multivariate analysis

HR (95% CI) P-value HR (95% CI) P-value
Age (years) 1.026 (0.983-1.071) 0.243
BMI (kg/m2) 0.985 (0.875-1.109) 0.803
Menopausal status
(Post vs Pre) 1.897 (0.852-4.222) 0.117
Ki-67 (%)
(=20 vs < 20) 9.941 (1.349-73.258) 0.024 6.956 (0.935-51.779) 0.058
Histologic type
(Ductal vs Others) 0.046 (0.000-117.322) 0.442
Muttifocal disease
(Positive vs Negative) 1.115 (0.386-3.225) 0.840
Tumor size (cm)
(> 2.5 vs < 2.5) 1.353 (0.633-2.890) 0.435
Lymph node status
(Positive vs Negative) 3.325 (1.342-8.238) 0.009 2.879 (1.026-8.077) 0.045
Clinical stage
(s 1) 1.364 (0.516-3.601) 0.531
Lymphovascular invasion
(Yes vs No) 2.043 (0.960-4.347) 0.064 0.961 (0.406-2.274) 0.927
Molecular subtype 1.794 (1.253-2.568) 0.001 1.549 (0.969-2.477) 0.068
Adjuvant chemotherapy
(Yes vs No) 1.067 (0.145-7.863) 0.949
Adjuvant radiotherapy
(Yes vs No) 1.050 (0.444-2.483) 0.911
Adjuvant hormonal therapy
(Yes vs No) 0.377 (0.160-0.893) 0.027 0.818 (0.275-2.430) 0.718
PMI/T4 (cm2/m2) 0.914 (0.861-0.970) 0.003 0.932 (0.874-0.993) 0.029
SMI/T11 (cm2/m2) 0.920 (0.864-0.980) 0.009 0.974 (0.905-1.048) 0.483

BMI, body mass index; SMI, skeletal muscle index; PMI, pectoralis muscle index; T4, fourth thoracic vertebra; T11, eleventh thoracic vertebra; HR, hazard ratio; Cl, confidence interval.
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Variable Univariate analysis

Multivariate analysis

HR (95% CI) P-value HR (95% CI) P-value

Age (years) 1.043 (1.009-1.078) 0.012 1.035 (0.992-1.081) 0.114
BMI (kg/m?) 0.991 (0.936-1.050) 0.766

Menopausal status

(Post vs Pre) 2210 (1.180-4.142) 0.013 1.251 (0.577-2.710) 0.571
Ki-67 (%)

(> 20 vs < 20) 17.570 (2.422-127.464) 0.005 12.242 (1.667-89.890) 0014
Histologic type

(Ductal vs Others) 0.434 (0.060-3.147) 0.409

Multifocal disease

(Positive vs Negative) 1.385 (0.656-2.925) 0.393
Tumor size (cm)

(> 2.5 vs < 2.5) 2272 (1.268-4.070) 0.006 1702 (0.938-3.807) 0.080
Lymph node status

(Positive vs Negative) 1.764 (0.961-3.235) 0.067 1.245 (0.666-2.327) 0.492
Clinical stage

(s 1-1) 1.065 (0.477-2.382) 0.877

Lymphovascular invasion

(Yes vs No) 1.446 (0.807-2.590) 0.215

Molecular subtype 1.458 (1.045-2.034) 0.027 1.373 (0.975-1.935) 0.070
Adjuvant chemotherapy

(Yes vs No) 0.839 (0.203-3.462) 0.808

Adjuvant radiotherapy

(Yes vs No) 0.836 (0.415-1.685) 0.616

Adjuvant hormonal therapy

(Yes vs No) 0.332 (0.168-0.653) 0.001 0.593 (0.258-1.363) 0.218
PMI/T4 (cm?%m?) 0.904 (0.861-0.949) 0.002 0.927 (0.886-0.969) 0.001
SMI/T11 (cm¥m?) 0.928 (0.885-0.973) 0.067 0.999 (0.944-1.057) 0.973

BMI, body mass index; SMI, skeletal muscle index; PMI, pectoralis muscle index; T4, fourth thoracic vertebra; T11, eleventh thoracic vertebra; HR, hazard ratio; Cl, confidence interval.





OPS/images/fonc.2022.854137/table2.jpg
Variables >19.5 cm*/m* <19.5 cm?*/m* P value

N 191 302

Age (years) 499 + 83 50.8+9.0 0.276

BMI (kg/m?) 246 +3.4 239+3.1 0.022

Menopausal status 0.823
Pre 91 (47.6) 147 (48.7)
Post 100 (52.4) 155 (51.3)

Histologic type 0.402
Ductal 184 (96.3) 286 (94.7)
Others 7@37) 16 (6.3)

Multifocal disease <0.001
Yes 9(4.7) 57 (18.9)
No 182 (95.3) 245 (81.1)

Tumor size (cm) 0.985
>25 71(37.2) 112 (37.1)
<25 120 (62.8) 190 (62.9)

Lymph node status 0.077
Negative 101 (52.9) 135 (44.7)
Positive 90 (47.1) 167 (65.3)

Clinical stage 0.509
I-Il 166 (86.9) 256 (84.8)
1 25 (13.1) 46 (15.2)

Lymphovascular invasion <0.001
Yes 47 (24.6) 125 (41.4)
No 144 (75.4) 177 (68.6)

Ki-67 (%) 0.003
<20% 66 (34.6) 67 (22.2)
220% 125 (65.4) 235 (77.8)

ER 0.139
Positive 138 (72.3) 199 (65.9)
Negative 53 (27.7) 103 (34.1)

PR 0.124
Positive 127 (66.5) 180 (69.6)
Negative 64 (33.5) 122 (40.4)

HER2 status 0.409
Positive 62 (32.5) 109 (36.1)
Negative 129 (67.5) 193 (63.9)

Molecular subtype <0.001
Luminal-A 70 (36.6) 81(26.8)
Luminal-B 47 (24.6) 92 (30.5)
HER2-enriched 34 (17.8) 69 (22.8)
TNBC 40 (20.9) 60 (19.9)

Adjuvant radiotherapy 0.528
Yes 51(26.7) 73 (4.2
No 140 (73.3) 229 (75.8)

Adjuvant hormonal therapy 0.389
Yes 86 (45.0) 148 (49.0)
No 105 (55.0) 154 (51.0)

Adjuvant chemotherapy 0.026
Yes 179 (93.7) 295 (97.7)
No 12 (6.3 7223

BMI, body mass index; SMI, skeletal muscle index; ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor receptor 2; TNBC, triple negative breast
cancer; T4, fourth thoracic vertebra. P-value was obtained using Chi-square test.
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Variables Without metastases With metastases P value
N 447 46
Age (years) 50.1£8.5 534 +£10.2 0.015
BMI (kg/m?) 241 £32 240+ 3.1 0.850
PMA/T4 (cm?) 387 + 124 328+ 107 0.002
PMI/T4 (cm?/m?) 232+ 149 131 +45 <0.001
SMA/T11 (cm?) 66.9 + 19.6 55.7 £ 14.0 <0.001
SMI/T11 (cm?/m?) 257+76 22158 <0.001
SFA/T11 (cm?) 162.1 + 60.5 145.0 + 54.7 0.066
SFI/T11 (cm?/m?) 49.3 + 261 417 £242 0.058
VFA/T11 (cm?) 71.9 £ 46.7 589 +37.8 0.068
VFI/T11 (cm?/m?) 27.8+183 233+ 149 0.107
Menopausal status 0.011
Pre 224 (50.1) 14 (30.4)
Post 223 (49.9) 32 (69.6)
Histologic type 0.400
Ductal 425 (95.1) 45 (97.8)
Others 22 (4.9) 122
Multifocal disease 0.402
Yes 58 (13.0) 8(17.4)
No 389 (87.0) 38 (82.6)
Tumor size (cm) 0.004
>25 157 (35.1) 26 (56.5)
<25 290 (64.9) 20 (43.5)
Lymph node status 0.062
Negative 220 (49.2) 16 (34.8)
Positive 227 (50.8) 30 (65.2)
Clinical stage 0.869
-l 383 (85.7) 39 (84.8)
it 64 (14.3) 7(15.2)
Lymphovascular invasion 0.199
Yes 152 (34.0) 20 (43.5)
No 295 (66.0) 26 (56.5)
Ki-67 (%) <0.001
<20% 132 (29.5) 122
>20% 315 (70.5) 45 (97.8)
ER 0.001
Positive 316 (70.7) 21 (45.7)
Negative 131(29.3) 25 (54.3)
PR <0.001
Positive 292 (65.3) 15 (32.6)
Negative 155 (34.7) 31 (67.4)
HER2 status 0.988
Positive 165 (34.7) 6 (34.8)
Negative 292 (65.3) 30 (65.2)
Molecular subtype <0.001
Luminal-A 150 (33.6) 1(22)
Luminal-B 123 (27.5) 16 (34.8)
HER2-enriched 89 (19.9) 14 (30.4)
TNBC 85 (19.0) 15 (32.6)
Adjuvant radiotherapy 0.575
Yes 114 (25.5) 10 (21.7)
No 333 (74.5) 36 (78.3)
Adjuvant hormonal therapy 0.001
Yes 223 (49.9) 11 (23.9)
No 224 (50.1) 35 (76.1
Adjuvant chemotherapy 0.855
Yes 430 (96.2) 44 (95.7)
No 17 3.8) 2(4.3)

BMI, body mass index; SMA, skeletal muscle area; SM, skeletal muscle index; SFA, subcutaneous fat tissue area; SFI, subcutaneous fat index; VFA, visceral fat tissue area; VFl, visceral fat
index; PMA, pectoralis muscle area; PMI, pectoralis muscle index; ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor receptor 2; TNBC, triple
negative breast cancer; T4, fourth thoracic vertebra; T11, eleventh thoracic vertebra. P-value was obtained using Chi-square test.
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Gene Forward primer Reverse primer

NONO  CTAGCGGAGATTGCCAAAGTG  GTTCGTTGGACACATACTGAGG
COPS5 TGGGTCTGATGCTAGGAAAGG  CTATGATACCACCCGATTGCATT
HDAC2 ATGGCGTACAGTCAAGGAGG ~ TGCGGATTCTATGAGGCTTCA
GAPDH  GTCAACGGATTTGGTCGTAT GAACATGTAAACCATGTAGTTGA
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Clinical Characteristics

Patient 1
Patient 2
Patient 3
Patient 4
Patient 5
Patient 6
Patient 7
Patient 8
Patient 9
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Protein HC (n=52) NM (n=75) M (n=73) p-value CR+PR (Pre therapy) (n=31) CR+PR (Post Therapy) (n=31) p-value
LOX5 4.39+1.20 6.04+2.96 9.11+4.26 0.0001 8.24+3.02 3.47+1.68 0.0001
Rac1 1.61+0.29 1.85+0.49 2.45+0.64 0.0001 221+ 0.54 1.39+0.35 0.0001
Rac1b 1.59+0.19 1.49+0.71 2.12+0.93 0.011 1.99+0.89 0.81+0.26 0.0001
p38o. 2.54+0.31 4.19+2.47 6.51+3.15 0.0001 6.08+3.40 1.99+1.52 0.0001
Phospho-p38o. 4.31+0.80 6.38+1.84 8.65+1.88 0.0001 8.61+1.96 2.40+0.86 0.0001
LIMK1 8.36+1.68 11.60+2.57 14.85+3.49 0.0001 14.55+2.95 5.28+1.53 0.0001
Phospho-LIMK1 9.59+1.64 12.76+2.61 16.31+3.44 0.0001 16.79+2.92 5.74+1.63 0.0001
cofilint 3.51+0.99 4.23+1.14 5.69+1.55 0.001 5.57+1.34 2.80+0.52 0.0001
Phospho-cofilin1 3.01+ 3.00 4.38+3.16 8.67+4.62 0.0001 8.16+4.05 1.18+0.63 0.0001






OPS/images/fonc.2021.742792/fonc-11-742792-g004.jpg
o TCGA cohon Univarate cox regression A TCGA cohor Mulivariate cox regression anwyss
T o sosesmes W

o cmomazn | et | o wmies e
T N R e
— I I P~ I
c o

o % 5 6 5 70 75 80 8 90 2

. &

3-yea surval Probadiny. q






OPS/images/fonc.2022.851807/table1.jpg
Characteristics Healthy Control n = 52 Non-metastatic n = 75 Metastatic n = 73

Gender

Female 52 (100%) 75 (100%) 73 (100%)
Age (mean) y 35.76 + 10.48 48.09 + 10.44 45.83 + 8.99
<30 12 (28.07%) - -
31-50 34 (65.38%) 44 (58.67%) 58 (79.45%)
51-70 6 (11.54%) 31 (41.33%) 15 (20.55%)
Menopause Status

Pre 45 (86.54%) 37 (49.33%) 48 (65.75%)
Post 7 (13.46%) 38 (50.67%) 25 (34.25%)
Habit

Non smoker 70 (93.33%) 69 (94.52%)
Smoker 5 (6.66%) 4 (5.47%)
Family History

Absent 48 (92.31%) 61(81.33%) 54 (73.97%)
Present 4(7.69%) 14 (18.67%) 19 (26.03%)
Tumor Size =

T1 2 (2.66%) =

T2 23 (30.66%) 11 (15.06%)
T3 24 (32.00%) 26 (35.61%)
T4 26 (34.67%) 36 (49.31%)
Node Status =

NO 20 (26.67%) 24 (32.88%)
N1 55 (73.33%) 49 (67.12%)
Stage -

1 25 (33.34%) -

1 50 (66.66%) -

\% = 73 (100.00%)
ER status =

Positive 42 (56.00%) 45 (61.64%)
Negative 33 (44.00%) 28 (38.36%)
PR status =

Positive 34 (45.33%) 38 (52.05%)
Negative 41 (54.67%) 35 (47.95%)
HER2 status =

Positive 36 (48.00%) 39 (53.42%)

Negative 39 (52.00%) 34 (46.57%)
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TRAF4

Negative/Low High
Eg5 Negative/Low 31 3
High 5 39

Pearson’s chi-square test (r=0.7423, p < 0.0001).
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TRAF4 Eg5

Number Negative Positive Negative Positive

Normal Breast 16 12 4 16 1(6.25%)
Tissue (25.00%)

Breast Cancer 78 21 57 17 61
Tissue (73.08%) (78.21%)

Fisher’s exact test (TRAF4 p < 0.001; Eg5 p < 0.0001).
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Upregulation
Upregulation
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Deregulation
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Deregulation
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Upregulation

Upregulation

Upregulation

Deregulation

Upregulation

Upregulation
Deregulation

Upregulation
Upregulation

Upregulation

Upregulation

Upregulation

Upregulation

Upregulation

Mechanism

N/A

N/A

N/A
N/A
N/A

miR-130a and miR-425 may promote the proliferation of BC cells through TOR,
ErbB, MAPK and TGF-Akt pathways.

miR-455-5p may exert tumor promoting roles by inhibiting the expression of
CDKN1B and influencing cell cycle and miR-1255a may be oncogenic by down-
regulating SMAD4 and affecting TGF- signaling pathway, which resulted in poor
prognosis.

miR-31 modulated the growth of MCF-7 cells by targeting the HDAC2.

N/A

The downregulation of miR-3613-3p expression could inhibit BC cell proliferation,
ROS production and metastasis by targeting SOCS2.

miR-105 mediated metabolic reprogramming of CAFs promoted continuous tumor
growth by regulating the Shared metabolic environment.

miR-221/222 was directly involved in ER inhibition and may be involved in MAPK-
induced ER inhibition of BC cells.

miR-128 in exosomes negatively regulated the level of Bax in MCF-7 recipient cells
and inhibits cell proliferation.

miR-1246 could promote invasion in normal HMLE cells partially targeting CCNG2
by binding to its 3'-UTR.

miR-222 promoted migration and invasion of the BC cells by repressing PDLIM2
expression and consequently enhancing NF-xB.

miR-9- and miR-155-containing exosomes of highly metastatic MDA-MB-231 cells
could decrease PTEN and DUSP14 expression in non-metastatic MCF-7 cell.
miR-193b could regulate the proliferation, invasion and migration of breast cancer
cells through RAB22A.

The uptake of miR-10b could inhibit the protein levels of target genes HOXD10 and
KLF4 in the receptor cells, and induce the invasion ability of non-malignant HMLE
cells.

miR-939 increased tumor cell trans-endothelial migration and regulated CDH5 in
endothelial cells.

miR-210 was involved in the expression of vascular remodeling related genes, such
as Ephrin A3 and PTP1B, to promote angiogenesis in recipient cells.
Overexpression of miR-130a-3p inhibited cell proliferation, migration, and invasion
potentially via downregulation of RABSB.

miR-454 disrupted the Wnt pathway by targeting PRRT2, thereby promoting the
biological properties of cancer stem cells.

miRNA-126 strongly inhibited the formation of lung metastasis by blocking the
PTEN/PI3K/AKT signaling pathway.

miR-9 and miR-155 could down-regulate the expression of tumor suppressor genes
PTEN and DUSP14.

miR-20a-5p promoted osteoclast formation and bone metastasis by targeting
SRCIN.

miR-1246 might orchestrate the angiogenic niche in the brain.

IncRNA CASC9 regulated checkpoint kinase 1 (CHK1) by competitively binding to
the miR-195/497 cluster, thereby accelerated BC cell proliferation.

N/A

N/A

The down-regulation of SNHG3 inhibited glycolytic metabolism and cell proliferation
by increasing miR-330-5p and decreasing the expression of PKM in BC cells.
IncRNA GS1-600G8.5 could disrupt the blood-brain barrier and promote the brain
metastases, perhaps by targeting tight junction proteins.

Downregulation of INcRNA XIST activated epithelial-mesenchymal transition, MSN/c-
Met, and release of exosomal miR-503, accelerated primary tumor growth as well as
metastasis in the brain.

N/A

miR-9 and miR-181a activated the JAK/STAT signaling pathway via targeting
SOCS3 and PIAS3 respectively, resulted in T-cell immunity inhibition and tumor
progress.

miR-27a-3p up-regulated PD-L1 in macrophages and promoted immune evasion of
BC cells by activating the PTEN/AKT/PI3K axis.

miR-16 reduced tumor growth by inhibiting TAMs infiltration and M2 polarization.
IncRNA SNHG 16 served as a ceRNA by sponging miR-16-5p to derepress SMAD5,
resulted in the conversion of Y81 T cells into the CD73+ immunosuppressive subtype
for favoring BC progress.

IncRNA BCRT1 competitively harbored with miR-1303 to prevent the degradation of
target gene PTBP3, resulted in promoted BC progression.

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

miR-221-3p promoted the resistance of BC cells to ADR via the regulation of the
PIK3R1-dependent PIBK/AKT signaling pathway.

miR-770 promoted the chemo-sensitivity of TNBC to doxorubicin via induction of
apoptosis.

Exosomal miRNAs stimulated cancer stem cell-like features to induce chemical
resistance in BC.

N/A
The miR-134-enriched exosome delivery resulted in HSP9O by targeting STAT5B,
cellular migration and invasion, and enhanced sensitivity to anti-HSP90 drugs.

N/A
The exosomal INcRNA-SNHG 14 promoted the effect of trastuzumab by targeting the
apoptosis regulator Bcl-2/Bax.

N/A

Exosomal AFAP1-AS1 could induce trastuzumab resistance through associating
with AUF1 and promoting ERBB2 translation.

N/A

IncRNA UCA1-overexpressed exosomes, which could cause resistance to tamoxifen
treatment of the MCF-7 cells and decrease apoptosis through reduction of cleaved
caspase-3 expression.

By targeting miR-200a-3p, tumorous exosome-mediated transfer of circ_UBE2D2
could enhance tamoxifen resistance of BC cells.

Clinical value

Potentially diagnostic and
therapeutic markers for BC

Associated with estrogen and
progesterone receptor status;
Detection of BC recurrence;
Detection of DCIS;

A biomarker for detecting IDC
initially diagnosed with DCIS by
biopsy

N/A

Prediction of poor prognosis

N/A

A therapeutic target

A nonspecific diagnostic
biomarker for BC and a potential
biomarker for prognosis
prediction of BC

N/A

Associate with aggressive breast
cancer
N/A

A serum biomarker for BC

Correlated with BC metastatic
progression
N/A

A novel target for BC therapy

Targeting exosomal mirnas might
provide an alternative approach
for BC intervention

Association with worse prognosis
intnbcs

Promoting angiogenesis

Associated with lymph node
metastasis and advanced TNM
stage

N/A
N/A
N/A

A more potential target for breast
cancer therapy

N/A

A potential diagnostic marker for
BC

A novel prognostic marker with
liquid biopsy and thera- peutic
targets

A promising thera- peutic target
for BC

A novel target for cancer therapy

A promising therapedutic target for
brain metastasis in vivo

An effective target for treating
brain metastasis

New insights into the prognosis
and therapy of BC

A potential therapeutic target for
IL-Bhigh breast cancer treatment

A novel therapeutic target for BC

N/A

Have potential for BC treatment

A potential biomarker and
therapeutic target for BC.

A non-invasive biomarker for
detection of early stage breast
cancer

A complementary clinical tool for
improving breast cancer
diagnosis and prognosis

A promising non-invasive
alternative

Promising novel biomarkers for
the diagnosis of BC

A promising diagnostic and
prognostic biomarker for BC

A promising biomarker for BC
detection

Correlated with poor neoadjuvant
chemotherapy and response to
tamoxifen therapy

A novel biomarker for the
diagnosis of BC

A novel treatment strategy
against tamoxifen resistance for
BC

A novel treatment strategy
against tamoxifen resistance for
BC

A prognostic biomarker in triple
negative BC

Inducing chemical resistance in
BC

A cisplatin resistance target
A biomarker for TNBC and as a
potential therapeutic option

A possible therapeutic strategy
A promising therapeutic target for
patients with HER2+ BC

A therapeutic target

Prediction of trastuzumab
resistance and breast cancer
treatment

A molecular target to reduce
DOX resistance

N/A

Providing new insights into the
boost of the effectiveness of
tamoxifen on BC
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ncRNAs, non-coding RNAs; N/A, not applicable; BC, breast cancer; DCIS, ductal carcinoma in situ; CAFs, cancer-associated fibroblasts; ROS, reactive oxygen species; ER, estrogen
receptor; TNBC, Triple-negative breast cancer; TNM, tumor-node-metastasis; CHK1, checkpoint kinase 1; ADR, adriamycin.
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1
0.651 (0.343-1.236)
0.338 (0.079-1.440)
5.444 (2.253-13.155)

1
0.882 (0.444-1.751)
0.894 (0.362-2.210)

1
2.886 (1.756-4.745)

1
3.858 (2.346-6.345)

p-Value

0.229

0.348

0.428
0.446

0.189
0.142
<0.001

0.719
0.809

<0.001

<0.001

All of our variables with p-values less than 0.05 are in bold.
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Characteristics NLR p-Value CAR p-Value
NLR<2.2 (n=423) NLR>2.2 (n=285) CAR<0.07 (n=610) CAR20.07 (n=98)

Age (years) 0.001 0.001
<60 185 (43.7%) 161 (56.5%) 316 (51.8%) 30 (30.6%)
>50 238 (56.3%) 124 (43.5%) 294 (48.2%) 68 (69.4%)

BMI 0.306 0.001
<24 260 (61.5%) 186 (65.3%) 403 (66.1%) 43 (43.9%)
>24 163 (38.5%) 99 (34.7%) 207 (33.9%) 55 (56.1%)

Menopausal status 0.01 0.001
Pre- 200 (48.4%) 162 (58.7%) 327 (65.1%) 35 (36.8%)

Post- 213 (51.6%) 114 (41.3%) 267 (44.9%) 60 (63.2%)

Tumor size 0.283 0.066
<2cm 275 (66.0%) 174 (61.1%) 395 (64.8%) 54 (55.1%)
>2cm 148 (35.0%) 111 (38.9%) 215 (35.2%) 44 (44.9%)

Lymph node metastasis 0.108 0.001
Negative 370 (87.5%) 237 (83.2%) 535 (87.7%) 72 (73.5%)

Positive 53 (12.5%) 48 (16.8%) 75 (12.3%) 26 (26.5%)

TNM grade 0.098 0.001
I 257 (60.8%) 165 (57.9%) 377 (61.8%) 45 (45.9%)

[ 137 (32.4%) 87 (30.5%) 190 (31.1%) 34 (34.7%)
1] 29 (6.9%) 33 (11.6%) 43 (7.0%) 19 (19.4%)

Histology type 0.444 0.006
Infiltrating ductal carcinoma 374 (88.6%) 261 (91.6%) 553 (90.7%) 82 (84.5%)

Infiltrating lobular carcinoma 10 (2.4%) 5 (1.8%) 15 (2.5%) 0(0)

Others 38 (9.0%) 19 (6.7%) 42 (6.9%) 15 (15.5%)

Luminal subtype 0.116 0.549
Luminal A 199 (47.0%) 117 (41.1%) 275 (45.1%) 41 (41.8%)

Luminal B 224 (53.0%) 168 (58.9%) 335 (54.9%) 57 (58.2%)

Operation type 0.216 <0.001
Modified radical mastectormny 225 (53.2%) 150 (52.6%) 314 (51.5%) 61 (62.2%)
Breast-conserving surgery 147 (34.8%) 102 (35.8%) 226 (37.0%) 23 (23.5%)

Mammectomy 47 (11.1%) 25 (8.8%) 64 (10.5%) 8(8.2%)
Others 4 (0.9%) 8(2.8%) 6 (1.0%) 6 (6.1%)

Chemotherapy 0.009 0.09
Neoadjuvant chemotherapy 32 (7.6%) 34 (11.9%) 51 (8.4%) 15 (15.3%)

Adjuvant chemotherapy 206 (48.7%) 156 (54.7%) 315 (51.6%) 47 (48.0%)
No chemotherapy 185 (43.7%) 95 (33.3%) 244 (40.0%) 36 (36.7%)

Radiotherapy 0.175 0.811
No 194 (45.9%) 116 (40.7%) 266 (43.6%) 44 (44.9%)

Yes 229 (54.1%) 169 (59.3%) 344 (56.4%) 54 (55.1%)

All of our variables with p-values less than 0.05 are in bold.
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Variables Cut-Off Value AUC (95% CI) Sensitivity ~ Specificity

NLR 22 0.688 (0.628-0.748) 0.675 0.628
CAR 0.07 0.696 (0.633-0.759) 0.429 0.902
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TABLE 1 | Clinicopathologic Characteristics of 708 luminal breast cancers with

HER2-negativity.
Characteristics

Age(years)
<50
>50
BMI
<24
>24
Menopausal status
Pre-
Post-
Unknown
Tumor size
<2cm
>2cm
Lymph node metastasis
Negative
Positive
TNM grade
|
I
1]
Histology type
Infiltrating ductal carcinoma
Infiltrating lobular carcinoma
Others
Luminal subtype
Luminal A
Luminal B
Operation type
Modified radical mastectomy
Breast-conserving surgery
Mammectomy
Others
Chemotherapy
Neoadjuvant chemotherapy
Adjuvant chemotherapy
No chemotherapy
Radiotherapy
No
Yes
Characteristics
Age (years)
<50
>50
BMI
<24
>24
Menopausal status
Pre-
Post-
Unknown
Tumor size
<2cm
>2cm
Lymph node metastasis
Negative
Positive
TNM grade
|
[}
[l
Histology type
Infiltrating ductal carcinoma
Infiltrating lobular carcinoma
Others
Luminal subtype
Luminal A
Luminal B
Operation type
Modified radical mastectomy
Breast-conserving surgery
Mammectomy
Others
Chemotherapy
Neoadjuvant chemotherapy
Adjuvant chemotherapy
No chemotherapy

Radiotherapy
No
Yes

Number (%)

346 (48.9)
362 (51.1)

446 (63.0)
262 (37.0)

362 (51.1)
327 (46.2)
19 (2.7)

449 (63.4)
259 (36.6)

607 (85.7)
101 (14.3)

422 (59.6)
224 (31.6)
62 (8.8)

635 (89.7)
15 (2.9)
57 (8.1)

316 (44.6)
392 (55.4)

375 (53.0)

249 (35.2)
72 (102)
12(1.7)

66 (9.3)
362 (51.1)
280 (39.5)

310 (43.8)
398 (56.2)
Number (%)

346 (48.9)
362 (51.1)

446 (63.0)
262 (37.0)

362 (51.1)
327 (46.2)
19 (2.7)

449 (63.4)
259 (36.6)

607 (85.7)
101 (14.3)

422 (59.6)
224 (31.6)
62 (8.8)

635 (89.7)
15 (2.1)
57 (8.1)

316 (44.6)
392 (55.4)

375 (53.0)
249 (35.2)
72 (10.2)
12(1.7)

66 (9.3)
362 (51.1)
280 (39.5)

310 (43.8)
398 (56.2)
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Variables

No. Patients (%)

Gender

Age (y)

Tumor size

Nodal status

Metastasis

Stage

Female
Male

65 and less
65 and above

T1
T2
T3
T4

NO
N1
N2
N3

MO
M1
Mx

184 (100.0%)
0(0.0%)

30 (16.3%)
154 (83.7)

38 (20.7%)

112 (60.9%)

22 (11.9%)
12 (6.5%)

103 (56.0%)
45 (24.5%)
25 (13.6%)
11 (5.9%)

160 (87.0%)
8 (4.3%)
16 (8.7%)

29 (15.8%)

103 (55.9%)

44 (24.0%)
8 (4.3%)
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Variables

No. Patients (%)

Gender

Age (y)

Tumor size

Nodal status

Metastasis

Stage

Female
Male

65 and less
65 and above

T1
T2
T3
T4

NO
N1
N2
N3

MO
M1
Mx

26 (100.0%)
0(0.0%)

22 (84.6%)
4 (15.4%)

2 (7.6%)
18 (69.2%)
2 (7.6%)
4 (15.3%)

12 (46.2%)
8 (30.8%)
3 (11.5%)
3 (11.5%)

24 (92.2%)
1 (3.9%)
1(3.9%)

2 (7.6%)

13 (50.0%)

10 (38.5%)
8 (3.9%)
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902 patients of luminal breast cancer with HER2-negativity
between January 2013 and December 2016

826 patients of luminal breast cancer with HER2-negativity
eligible for analysis

764 patients of luminal breast cancer with HER2-negativity
eligible for analysis

708 patients eligible for this study

76 patients were excluded
With inflammatory diseases (N=56) With

hematological diseases (N=8) With immune
diseases (N=12)

62 patients were excluded

With other malignant tumors(N=24)
With cancer 1n situ(N=30)

With stage IV (N=5)

With male breast cancer(IN=3)

56 patients were excluded

with incomplete materials(N=51)
With non-cancer related deaths (N=5)
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Chemotherapy Taxus, gemcitabine, capecitabine, vinorelbine and platinum

immunotherapy PD1 inhibitor, PD-L1 inhibitor, PARP inhibitor
anti-VEGF Bevacizumab
macrophage-targeted therapy PI3K suppressors, interleukin therapy, suppression of hypoxia, inhibition of CCL2/CCR2, activation of NF-kB, CSF1 inhibitor

adjuvant therapy bisphosphate, nanoparticle delivery therapy
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Phenotypes Stimuli Markers Functions References

M1 IFN-y, LPS, GM-CSF, TNF-o: CXOLY, IL-12, IL-6, IL-23, INOS, CD80, CD86, TNF-  Pro-inflammation, microbicidal effect, tumor resistance (21-28)
o

M2 IL-4, IL-18, IL6, IL-10, Glucocorticoids, CD163, CD204, CD206, CCL17, CXCL13, IR, Anti-infiammatory, wound healing, angiogenesis, immunosuppression, tumor  (21-25,

immunogiobulin complexes VEGF, IL-10, TGF-o progression and invasion 20-33)

IFN, interferon; LPS, lipopolysaccharide; GM-CSF, granulocyte-macrophage colony stimulating factor; TNF, tumor necrosis factor; CXCL, chemokine (CX-C motif igand; iNOS, indlucible nitric oxide synthase; IL, interieukin; CD, cluster of
diferentiation: CCL. chemoakine (C-C mot) igand: VEGF, vascular endothekial growth factor.
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Multivariate

Factor HR 95% CI p value*
Age (<70/270) 0.80 0.56-1.14 0.22
ECOG (<2/>2) 0.75 0.56-0.99 0.039
De novo/recurrent disease 1.00 0.76-1.30 097
Number of metastatic sites (<3/=3) 0.55 0.46-0.67 <0.001
HER2-low/HER2 O 0.85 0.73-0.98 0.026
Hormone receptor positive/negative 0.60 0.51-0.70 <0.001

ECOG, Eastern Cooperative Oncology Group performance status; HR, hazard ratio; Cl, confidence interval: HER2, human epidermal growth factor receptor 2.
*Bold values indicate statistically significant results.
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Demographics Total (n = 1,433) HER2 0 (n = 815) HER2-low (n = 618) p value*

Age (median) 49 49 49 0.23
<70 years 1,384 (96.6%) 783 (96.1%) 601 (97.2%)
270 years 49 (3.4%) 32 (3.9%) 17 (2.8%)

Performance status 0.32
0-1 1,356 (94.6%) 767 (94.1%) 589 (95.3%)
>2 77 (5.4%) 48 (5.9%) 29 (4.7%)

Menopausal status® 0.96
Pre/peri- 833 (68.1%) 475 (58.3%) 358 (57.9%)
Post- 579 (40.4%) 331 (40.6%) 248 (40.1%)

Histology 0.004
Invasive ductal 1,297 (90.5%) 725 (89.0%) 572 (92.6%)
Invasive lobular 76 (5.3%) 57 (7.0%) 19 (8.1%)
Other 60 (4.2%) 32 (3.9%) 28 (4.5%)

Nuclear grade® 0.07
| 20 (1.4%) 7 (0.9%) 13 (2.1%)
I 324 (22.6%) 162 (19.9%) 162 (26.2%)
n 185 (12.9%) 107 (18.1%) 78 (12.6%)

Stage at diagnosis® <0.001
| 125 (8.7%) 80 (9.8%) 45 (7.3%)
I 466 (32.5%) 260 (31.9%) 206 (33.3%)
n 351 (24.5%) 216 (26.5%) 135 (21.8%)
v 142 (9.9%) 55 (6.7%) 87 (14.1%)

Ki-672 0.24
Mediian (min-max) 30 (5-98) 30 (5-98) 30 (5-90)
<14% 149 (10.4%) 70 (8.6%) 79 (12.8%)
>14% 465 (32.4%) 244 (29.9%) 221 (35.8%)

Hormone receptor status <0.001
Positive 1,045 (72.9%) 564 (69.2%) 481 (77.8%)
Negative 388 (27.1%) 251 (30.8%) 137 (22.2%)

Initial metastatic sites 0.22
Bone and soft tissue only 387 (27.0%) 232 (28.5%) 155 (25.1%)
Liver 292 (20.4%) 157 (19.3%) 135 (21.8%)
Lung 512 (35.7%) 302 (37.1%) 210 (34.0%)

Number of metastatic sites® 053
<3 1,225 (85.5%) 701 (86.0%) 524 (84.8%)
>3 197 (18.7%) 108 (13.3%) 89 (14.4%)

Disease-free interval in recurrent population (n = 1,291) 027
<5 years 1,040 (72.6%) 620 (76.1%) 420 (68.0%)
5 years 251 (17.5%) 140 (17.2%) 111 (18.0%)

“Some of the menopausal status, nuclear grade, clinical stage, Ki-67 index, and number of metastatic sites data were missing.

*Bold values indicate statistically significant results.
HER2, human epidermal growth factor receptor 2.
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Genes

LRRC8C-DT

OTUDGB-AS1

ZNF197-AS1

COL4A2-AS1

Sequence (5'—3)

Forward 5'-AATCCTCTCTCCGCTTCACG-3
Reverse 5-GTTTTCCGCGCATTGTGAG-3’

Forward 5’- AGCCGAGTCAGCCATAAAGCTA-3’
Reverse 5'- AGATTAAAGAGGTCCTCTGAAGCAG-3'
Forward 5’-GTCATAGTGGCACAATCATAGCTC-3'
Reverse 5'- CAGTGAATCAACACATAGAACCCTC-3'
Forward 5'- TGGAATCACAGAATCCGACCT-3'
Reverse 5'- TGCTACCACCTAGATGACCCTT-3’
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Chemokine CHPF P CHPF DNA P

expression methylation
TISIDBrho, n=1100 TISIDBrho, n=1100

CCL2 0.025 0.417 0.09 0.0118
CCL3 0.089 0.003 0.049 0172
CCL4 -0.001 0.964 0.074 0.0394
CCL5 -0.012 0.689 0.163 <0.0001
CCL7 0.11 0.0003 -0.004 0.912
CCL8 -0.003 0.911 0.02 0.584
CCL11 0.124 <0.0001 0.022 0.531
CCL13 -0.019 0.53 0.088 0.0133
CCL14 -0.035 0.252 0.184 <0.0001
CCL17 0.048 0.109 0.193 <0.0001
CCL18 0.01 0.742 0.081 0.0236
CCL19 -0.081 0.0076 0.224 <0.0001
CCL20 0.056 0.0628 0.034 0.343
CCL21 0.005 0.86 0.199 <0.0001
CCL22 0.019 0.535 0.119 0.0009
CCL28 -0.013 0.664 0.073 0.0416
CX3CL1 0.104 0.0005 0.14 0.0001
CXCL1 0.018 0.546 0.135 0.0002
CXCL2 0.012 0.681 0.132 0.0002
CXCL3 0.035 0.251 0.067 0.0615
CXCL5 0.011 0.715 0.073 0.0405
CXCL6 -0.038 0.21 0.099 0.0056
CXCL8 0.097 0.0013 -0.028 0.437
CXCL9 -0.109 0.0003 0.097 0.0064
CXCL10 -0.056 0.0622 0.034 0.343
CXCL11 -0.036 0.227 0.04 0.26
CXCL12 0.056 0.063 0.08 0.0256
CXCL13 -0.095 0.0017 0.092 0.0097
CXCL14 -0.006 0.844 0.053 0.136
CXCL16 0.162 <0.0001 0.066 0.0654
CXCL17 0.168 0.0246 0.052 0.145
XCL1 -0.101 0.0008 0.119 0.0008
XCL2 -0.049 0.102 0.122 0.0006
CCR1 -0.024 0.428 0.013 0.717
CCR2 -0.157 <0.0001 0.122 0.0006
CCR4 -0.167 <0.0001 0.114 0.0014
CCR5 -0.106 0.0004 0.119 0.0008
CCR6 -0.189 <0.0001 0.136 0.0001
CCR7 -0.117 0.0001 0.218 <0.0001
CCR8 -0.14 <0.0001 -0.001 0.986
CCR10 0.394 <0.0001 0.187 <0.0001
CX3CR1 -0.048 0.112 0.035 0.329
CXCR1 0.023 0.437 0.076 0.0324
CXCR2 -0.046 0.131 0.033 0.356
CXCR3 0.021 0.48 0.179 <0.0001
CXCR4 0.031 0.312 0.051 0.154
CXCR& -0.047 0.12 0.212 <0.0001
CXCR6 -0.089 0.0031 0.099 0.0057

Significant P value < 0.05 is in bold.





OPS/images/fonc.2021.742944/table2.jpg
Variables Number (%)

Vital status

Alive 882 (86.30)

Dead 140 (13.70)
Age 57.99 + 12.90

<35 32 (3.13)

>35 990 (96.87)
Stage

Stages | & Il 756 (75.60)

Stages Il & IV 244 (24.40)
AJCC-T

T 275 (26.99)

T2 581 (57.02)

T3 128 (12.56)

T4 35 (3.43)
AJCC-M

MO 847 (97.69)

M1 20 (2.31)
AJCC-N

NO 480 (47.76)

N1 345 (34.33)

N2 109 (10.85)

N3 71 (7.06)
Molecular type

Luminal 349 (64.04)

Her-2 (+) 99 (18.17)

TNBRCA 97 (17.80)
T™B

High 446 (48.69)

Low 470 (61.31)
BRCA1

Wild-type 897 (97.93)

Mutated 19 (2.07)
BRCA2

Wild-type 900 (98.25)

Mutated 16 (1.75)
TP53

Wild-type 602 (65.72)

Mutated 314 (34.28)
PIKBCA

Wild-type 615 (67.14)

Mutated 301 (32.86)

AJCC, American Joint Committee on Cancer: TMB, tumor mutation burden.
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MHC NEFM p NEFM DNA p
molecules expression methylation
TISIDB rho, TISIDB rho,
n=1100 n=1100

B2M 0.0570 0.0574 -0.2870 <0.0001
HLA-A 0.2370 <0.0001 -0.3000 <0.0001
HLA-B 0.1890 <0.0001 -0.3150 <0.0001
HLA-C 0.2630 <0.0001 -0.2120 0.0003
HLA-DMA 0.0920 0.0022 -0.4050 <0.0001
HLA-DMB 0.0080 0.7990 -0.4140 <0.0001
HLA-DOA -0.0150 0.6260 -0.4580 <0.0001
HLA-DOB -0.0220 0.4600 -0.5030 <0.0001
HLA-DPA1 -0.0040 0.9050 -0.4070 <0.0001
HLA-DPB1 0.1220 0.0332 -0.4350 <0.0001
HLA-DQA1 0.0080 0.8030 -0.3980 <0.0001
HLA-DQA2 -0.0090 0.7640 -0.2940 <0.0001
HLA-DQB1 0.1190 0.0001 -0.3520 <0.0001
HLA-DRA -0.0040 0.8940 -0.4340 <0.0001
HLA-DRB1 0.1340 <0.0001 -0.3900 <0.0001
HLA-E 0.1590 <0.0001 -0.4840 <0.0001
HLA-F 0.209 <0.0001 -0.3770 <0.0001
HLA-G 0.2020 <0.0001 -0.2310 <0.0001
TAP1 0.073 0.0153 -0.2670 <0.0001
TAP2 0.042 0.1660 -0.3810 <0.0001
TAPBP 0.2160 <0.0001 -0.0570 0.1090

Significant P value < 0.05 is in bold.
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Immunomodulators NEFM

expression
TISIDBrho,

n=1100
ADORA2A 0.045
BTLA -0.17
CD160 -0.282
CD244 -0.026
CD274(PD-L1) -0.205
CD96 -0.153
CSF1R 0.093
CTLA4 -0.009
HAVCR2 0.071
IDO1 -0.039
IL10 0.011
IL10RB 0.234
KDR(VEGFR) -0.104
LAG3 0.051
LGALS9 0.123
PDCD1 0.047
PDCD1LG2 -0.036
PVRL2(NECTIN2) 0.171
TGFB1 0.418
TGFBR1 -0.003
TIGIT -0.08
VTCN1 -0.014
C100rf54(VSIR, VISTA) 0.175
CD27(TNFRSF7) -0.007
CD276 0.465
CD28 -0.071
CD40 0.115
CD40LG -0.14
CD48 -0.069
CD70 0.208
CD80 -0.026
CD86 0.02
CXCL12 0.056
CXCR4 0.031
ENTPD1(CD39) -0.099
ICOS -0.085
ICOSLG 0.095
IL2RA -0.006
IL6 -0.011
IL6R -0.205
KLRC1 -0.092
KLRK1 -0.109
LTA -0.032
MICB -0.135
NT5E(CD73) 0.108
PVR 0.154
RAET1E 0.043
TMEM173(STING) 0.178
TNFRSF13B -0.007
TNFRSF13C -0.097
TNFRSF14 0.199
TNFRSF17 -0.06
TNFRSF18 0.202
TNFRSF25 0.14
TNFRSF4 0.42
TNFRSF8 0.084
TNFRSF9 -0.073
TNFSF13 0.115
TNFSF13B -0.049
TNFSF14 -0.058
TNFSF15 -0.165
TNFSF4 0.107
TNFSF9 0275
ULBP1 (NKG2D) 0.127

p

0.138
1.34e°%
1.71e

0.391
6.82¢72
3.35¢%7
0.00207

0.76
0.0181

0.199

0.724

4.3e7"°

0.000564
0.0925
4.19¢°

0.123
0.227
1.12e7%
<2.2e71°
0.925
0.00808
0.635
5.73e™%
0.824
€2:2¢71°
0.0185

0.000132
3.34e°°
0.0212
3.7e"2

0.388

0514

0.063

0.312
0.00104
0.00472
0.00168

0.847

0.721
6.88e7'2
0.00231
0.00028

0.296
6.89e™°
0.00034
2.85¢%7

0.154
3.07e™°

0.819

0.0013
3.11e™"
0.0468
1.66e""
3.01e™
<2.2e71®
0.00554
0.0154

0.000127

0.101
0.0539
3.6

4704
2.25¢"%°
2.4e°%

NEFM DNA

methylation

TISIDBrho,
n=1100

0.103
0.147
0.103
0.132
0.023
0.142
0.116
0.096
0.035
0.099
0.045
0.087
-0.001
0.075
0.143
0.184
0.038
0.053
0.171
-0.057
0.111
0.075
0.224
0.179
-0.042
0.097
0.146
0.185
0.16
0.081
-0.039
0.0381
0.08
0.051
0.016
0.082
0.115
0.069
0.092
0.085
0.076
0.139
0.12
0.034
-0.017
-0.067
0.012
0.144
0.218
0.153
0.162
0.105
0.104
0.211
-0.188
0.204
0.04
0.007
0.012
0.172
0.035
-0.075
0.07
-0.042

p

0.0038
3.76e7%°
0.00372
0.00022

0.521
6.71e%°
0.00109
0.00719

0.322
0.00541

0.211

0.298

0.974

0.0358
5.78e%°
2.31e”’

0.291
0.137
1.51e™%
0.112
0.00188

0.0347
2.29e7"°
47167

0.237
0.00682
3.99¢"°
1.81e™"7
6.88¢™%

0.0225

0.27

0.383
0.0256

0.154

0.65

0.0211

0.0012

0.0533
0.00984

0.0176

0.0341
9.22¢°%®

0.000787

0.337

0.639

0.0599

0.728
4.99¢7%°
7.59¢7"°
1.65e°°
4.93e°%
0.00325

0.0037
2.53e%°
1.28¢%7
8.62e™°

0.264

0.854

0.735
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0.327

0.0346
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Significant P value < 0.05 is in bold.
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Sample Start End Ref Alt Type AAchange  FLN repeat
Patient1-M 154360534 154360570 GCGGGCGGGGGAGCCCGCACTGCCTCCCTGCAGCCCC - Frameshift deletion P1075fs 9
154362486 154362491  TGTCAT - Non-frameshift deletion ~ 831_833del 6
Patient2-M 154359888 154359891 TGGC - Frameshift deletion A1274fs 11
Patient6-M 154362486 154362491 TGTCAT - Non-frameshift deletion ~ 831_833del 6
Patient8-M 154362486 154362491 TGTCAT - Non-frameshift deletion ~ 831_833del 6
Patient1-P 154361680 154361687 GCCAGACA - Frameshift deletion Va76fs 8
Patient2-P 154362486 154362491 TGTCAT - Non-frameshift deletion ~ 831_833del 6
Patient4-P 154366374 154366374 C T Non-synonymous SNV G388S 2
Patient7-P 154354220 154354220 C T Non-synonymous SNV V1822M 16
Patient8-P 154352600 154352600 G A Non-synonymous SNV S2144L 20

SNV, single-nucleotide variant.
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Sample ID Age TNM of initial diagnosis ER PR HER2 DFS (months)
Patient1 56 T2N2MO 4 ++ = 62
Patient2 56 T2NOMO + - - 80
Patient3 46 T3N2MO ++ ++ - 28
Patient4 44 TINOMO ++ ++ = 72
Patient5 68 T1NOMO +++ - ot 22
Patient6 N.A. T1NOMO - + ++ 38
Patient7 N.A. T1NOMO - - . 42
Patient8 58 T2NOMO ++ + - 24
Patient9 30 T1NOMO - + - 5

ER, estrogen receptor; PR, progesterone receptor; HER2, human epidermal growth factor receptor 2; DFS, disease-free survival.

N.A., Not Available.
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