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Editorial on the Research Topic 


Understanding the immuno-oncological mechanism of cancer using systems immunology approaches


Numerous studies were published in the last two decades highlighting the close relationship between host immune response and cancer progression, and immune-based therapeutic strategies hold great promise against cancer. This generated large a number of BIG datasets from the various OMICs platforms used to investigate the interplay between the immune system and cancer initiation and progression. In order to analyse and interpret the data generated, the field of systems immunology emerged as a novel interdisciplinary approach. It aims to integrate OMICs data generated from different high-throughput modalities and platforms using computational biology algorithms to gain a better understanding of the complex interactions and regulatory networks at the core of the interplay between the various immune cell types and cancer. Cancer is a complex chronic disease with high degree of intra-tumoral heterogeneity characterised by its adaptive ability to escape immune surveillance and acquire resistance to radio- and chemo-therapy. Systems immunology approaches elucidate some of the mechanisms involved in the complex and adaptive interplay between the tumour and immune cells that contributes to cancer progression, pathogenesis, prognosis. Systems immunology thus represents the new frontier in cancer to gain deeper understanding of the immune-cancer cell interactions to not only identify more effective and targeted therapeutic molecules and strategies but also accelerate the discovery of novel biomarkers predictive of prognosis and therapeutic response.

This Research Topic gathers different studies investigating the immune-tumour cell dynamics within the tumour microenvironment (TME) in various cancers including solid and haematological malignancies. Some of the studies proposed novel biomarkers for patient stratification and/or outcome prediction.




Mechanisms of tumour immune microenvironment

Increasing evidence highlighted a fundamental role of tumour immune microenvironment (TIME) in cancer subtype classification and progression. Investigating such a role not only helps to elucidate the molecular mechanism of the TIME involved in cancer but it can also identify diagnostic and prognostic biomarkers for various cancers. Guo et al. introduced the immuno-score system by presenting its clinical significance and application for colorectal cancer (CRC) and highlighting the potential exploitation of this system for the screening of immunotherapy candidates. However, most of the studies describing the changes in immune response within the TIME in CRC and other cancers have focused on bulk tumour transcriptomes, with admixture of data from the tumour epithelium and stroma. Combining their data with publicly available gene expression microarray data, Shen et al. proposed a new CRC classification system based on three different immune subtypes, taking into account cancer epithelium and stroma as well as adjacent normal tissue. Furthermore, Li et al. analysed a cohort of pancreatic ductal adenocarcinoma (PDAC) patients obtained from TCGA (The Cancer Genome Atlas) database, succeeding in virtually dissecting the immune-related signatures from bulk gene expression data. They identified a new immune molecular subtype named Immune Class that may better stratify PDAC patients in cooperation with previously reported tumour and stroma classifications. Likewise, the analysis of data from TCGA database, and the use of ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumour tissues using Expression) and CIBERSORT (Cell Type Identification by Estimating Relative Subsets of RNA Transcripts) algorithms allowed Ma et al. to explore the TME and immune infiltration in high- and low-risk CRC groups. They identified a set of 13 immune related genes (IRG) that are associated to poor prognosis, and suggested the IRG-based classifier as an innovative way to predict CRC prognosis and response to immunotherapy.

Another set of studies focused on the role of infiltrating immune cell subsets in cancer progression. Hao et al. attempted to establish the prognostic value of tumour-infiltrating lymphocytes (TIL) in esophageal squamous cell carcinoma (ESCC), based on both lymphocyte subset and infiltrating location (intra- or peritumour). Specifically, they identified a positive association with both disease-free and overall (OS) survival for total TIL infiltrating the entire tumour mass, and a positive association with OS for intratumor, peritumour and total CD8+ T cells. TIL are also closely related to clinical prognosis in gastric cancer (GC). An interesting model was developed by Xie et al., who analysed gene expression profiles of GC patients, obtained from RNA-sequencing data of the GEO (Gene Expression Omnibus) database, in the context of clinical outcomes. By including four immune cell types, they constructed an immune risk score that could make an important contribution to prognosis prediction. Furthermore, starting from gene expression data of patients with gastrointestinal stromal tumour (GIST), Wang et al. observed that low T-cell infiltration correlates with high tumour purity and tumour stemness index, and identified the cancer stemness index as a new predictive biomarker of tumour metastasis in GIST patients. On the same lines, the study by Qiu et al. aimed to explore the relationship between the immune microenvironment from triple-negative breast cancer (TNBC) patient data (extracted from TCGA and GEO databases) and exosome-associated genes (downloaded from ExoBCD database) in order to construct an exosome risk model. This model was used to predict the prognosis of TNBC patients and to identify differences in immune cell infiltration rates in high- and low-risk groups.

Similar studies focused on the role of long non-coding RNAs (lncRNA) in the activation of multiple immune cells and as prognostic markers in cancer. Through the analysis of TCGA and GEO database-derived sequencing data of hepatocellular carcinoma (HC) patients, and subsequent screening of lncRNA related to survival, Nie et al. identified a nine-lncRNA risk signature that significantly correlates with immune checkpoint gene expression and TIL status. The risk score obtained from the immune-related (IR)-lncRNA signature can both predict survival of HC patients and reflect the efficacy of immune checkpoint inhibitors (ICI)-based therapy.

In addition, many studies attempted to characterise some of the molecular pathways involved in tumorigenesis. Li et al. explored the impact of the mutation status of NOTCH signalling on the prognosis of non-small cell lung cancer (NSCLC) patients on ICI-based therapy with the aim to apply immunotherapy to the greatest extent possible. They found that highly-mutated NOTCH signalling pathway is related to the inflammatory immune microenvironment and could serve as an independent predictor of NSCLC patients receiving ICI. Using imaging mass cytometry Li et al. attempted to analyse the still uncharacterised TME from subjects with untreated lung squamous cell carcinoma (LSCC). They found that CD33+ myeloid-derived cells represent the major immune suppressor cell population, and identified a novel high Foxp3/TNFα expressing nonlymphoid cell subset with proinflammatory properties. In a different cancer type, ESCC, Yu et al. determined the abundances of 22 types of immune cells by the CIBERSORT algorithm from patient gene expression data obtained from GEO and TCGA databases. They constructed a tumour-infiltrating immune cell-based prognosis signature (IPS) able to predict postoperative patient prognosis. The authors also uncovered the critical role of tumour-infiltrating M2 type macrophages in the interplay between immune status and the endothelial to mesenchymal transition phenotype in this cancer. In a similar manner but with a different approach, Hammoudeh et al. tried to reprogram the immune response through disruption of Snail-p53 binding induced by oncogenic KRAS. By analysing the transcriptome profile induced by a specific inhibitor in non-small cell lung cancer (NSCLC) cells, they reported a significant enrichment in transcripts involved in immune response and particularly those contributing to neutrophil- and T cell-mediated immunity, thus arguing to the targeting of Snail-p53 binding as a potential adjuvant immunomodulatory strategy to enhance the efficacy of current immunotherapies.





Role of innate immune system

Most of the studies that have investigated cancer-immune cell dynamics within the TME predominantly considered the role of lymphocyte subsets in patient stratification and prognosis prediction. However, as also pointed out by Guo et al. their review, other tumour immune cell infiltrates, such as myeloid origin cells and other innate immunity cell populations, represent crucial elements of TME that strongly impact on the efficacy of anticancer therapies. Hence, the importance of a comprehensive immune classification of tumours that includes the players of innate immunity.

In this regard, Hachim et al., through the analysis of breast cancer (BC) patients obtained from TCGA database and subsequent stromal and immune profiling using ESTIMATE and CIBERSORT tools, identified and validated seven unique sub-clusters with distinct molecular and clinical profiles within the known BC subtypes. Interestingly, immune profiling analysis of these sub-clusters allowed to demonstrate a correlation of infiltrating M1 and M2 type macrophages with basal-like and luminal A-B cancer subtypes, respectively, and to associate M1 macrophage polarization markers to better prognosis. Accordingly, by performing a virtual microdissection of the bulk transcriptome at single-cell resolution, Wu et al. provided a tumour infiltrating myeloid cell landscape in lung adenocarcinoma that may help defining new immunotherapy targets. Specifically, IFIT3+ neutrophils and LAMP3+ dendritic cells were related to responsiveness or unresponsiveness to immune-targeted therapy, respectively, whereas the infiltration levels of TIMP1+ macrophages and S100A8+ neutrophils were both significantly associated with poor prognosis.

Remaining on the role of innate immunity and accessory stroma cells, the study by Yin et al. reported the generation of a dynamic transcriptome map of different TME cell types during GC progression using single-cell sequencing analysis. They found a set of key transition markers related to tumour evolution and delineated landmark dynamic carcinogenic trajectories of these cells, suggesting a phenotypic convergence of different TME cell types (macrophages, fibroblasts, endothelial cells) toward tumour generation processes. Along the same line, unsupervised hierarchical clustering was used by Køstner et al. to explore the association of distinct immune phenotypes within the tumour with the level of systemic inflammation in resectable colon cancer patients. They found that tumour-associated systemic inflammation correlates with a myeloid-dominated TME and suggested a role for C-reactive protein as an informative biomarker of the immune response taking place at the tumour site.

Another innate immunity focused study by Cianga et al. addressed NK cell maturation in the pre-leukemic state of acute myeloblastic leukemia and during leukemic transformation. Unlike previous work that had focused on peripheral NK cells, they performed unsupervised analysis of NK cell subsets from bone marrow aspirates identifying a shift from the mature toward the immature state and an impaired NK cell-mediated antitumor response during cancer progression.

Clear cell renal cell carcinoma (ccRCC) is a highly infiltrated tumour with different types of immune cells having differential effects on patient prognosis. Zhang et al. systematically analysed chromatin accessibility, whose changes have been associated with tumour initiation, migration and metastatic progression, in two clusters of ccRCC patients having differentially immune-infiltrated cells and different prognosis. They found that the differential peaks and prognosis-related immune signal cells are similarly distributed in the chromosomes and that key transcription factors may play an important role in the two different immunological subtypes.





Role of systemic immune response

Another important aspect of cancer immunology is the role of systemic immune and inflammatory responses that may mirror the immune dynamics in the tumour environment and whose dissection may help identify new and more easily detectable biomarkers predictive of prognosis or therapy response. In the context of many malignancies there is evidence that the transcriptome of peripheral blood immune cells is altered. In this regard, Moradpoor et al. have demonstrated that the protein expression profile in PBMC from BC patients strictly reflects the patterns of proteins expressed in the tumour tissue and have identified and validated a series of PBMC-associated biomarkers that match those previously reported in metastatic BC. Moreover, in their study Ding et al. discussed the role that soluble PD-L1, which is associated with prognosis in many malignancies, might play in predicting the outcome in glioma patients receiving radiotherapy (RT). The baseline level of circulating soluble PD-L1 indeed was found to correlate with poor prognosis and its increase after RT suggests that the strategy of combining ICI-based therapy and RT might be promising for glioma treatment. The T cell receptor (TCR) repertoire of tumour tissue or peripheral blood represents an indicator of prognosis in subjects with various types of cancer, and changes in the peripheral blood TCR repertoire may be used to monitor the body response to immunotherapy. Wang et al. reported the results of TCRβ CDR3 profiling performed by high-throughput sequencing in matched tumour tissue, regional lymph nodes and peripheral blood of subjects with papillary thyroid carcinoma. These data are made available as a reference for further studies on the immunological mechanisms in thyroid carcinoma.





Immune response to cancer therapy

Immunotherapy has been shown to work effectively in some cancers but not others. Many studies investigated the current immunotherapies and the need of more effective and highly cancer-specific immune-based strategies as well as reliable biomarkers for personalised therapy. In particular, Kubo et al. highlighted the low response to ICI-based therapy in the majority of cancer types and the immune-related adverse effects, whereas Kozani et al. discussed the state of the art of chimeric antigen receptor (CAR) T cell therapy in solid tumours and the role of suppressive TME in determining negative responses. Bracci et al. provided a summary of recent studies in which multi-omics technologies have been used to characterize the mechanisms of response and to identify powerful biomarkers of response to ICI, CAR-T cell therapy, dendritic cell- and peptide-based cancer vaccines. They also give an overview of the current high-throughput methodologies suitable for systems immunology as well as of the key steps of data integration and biological interpretation.

Additionally, the targeting of CTLA4 and PD1/PDL1 has shown promise as immunotherapy for some cancers, however, many patients fail to respond. Lymphocyte activating 3 (LAG3) is involved in the negative regulation of lymphocyte-antigen presenting cell interaction and may serve as an alternative inhibitory receptor to be targeted in the clinic. Liu et al. investigated transcriptome data and associated clinical information derived from almost 3000 BC patients demonstrating a role for this molecule as a potential biomarker. Furthermore, it was shown that it can synergise with CTLA4, PD1/PDL1 and other immune checkpoints, thereby contributing to improved combination immunotherapy. CKLF-like MARVEL transmembrane domain-containing 6 (CMTM6) has been reported to stabilize PD-L1 and to enhance the efficacy of immunotherapy. By analysing data from TCGA and from the CPA (Cancer Proteome Atlas) database for 32 cancer types, Zhao et al. confirmed the important role played by CMTM6 in TME and highlighted its potential as prognostic biomarker in some types of cancers and as a target for cancer immunotherapy. Narducci et al. reported on a patient simultaneously affected by synchronous metastatic melanoma and Sezary Syndrome (SS), an aggressive variant of cutaneous T cell lymphoma. The authors reported a significant clinical and biological response to SS in the patient under PD-1 blocking therapy for melanoma and suggested that the changes in immune cell phenotype and frequency they observed during therapy could help determine early SS patient’s clinical response.

Photodynamic therapy (PDT) is form of targeted therapy that has been used to treat various cancers including prostate, breast, and skin. It involves focal illumination with visible or near-Infrared light of the diseased lesion following systemic or topical administration of a photosensitising agent. To enhance tumour targeting, the photosensitiser can also be tagged with a specific cancer biomarker antibody such as HER2, which has given rise to the term ‘photoimmunotherapy’. The interaction of light with the photosensitiser leads to generation of cytotoxic reactive oxygen species, which attack multiple intracellular targets. Banerjee et al. used PDT to treat triple negative breast cancer (TNBC). They showed that verteporfin-PDT with 5-aza-2’deoxycytidine is effective in treating an orthotopic TNBC murine model via the induction of specific immune response biomarkers including various chemokines such as CCL2, CCL4 and CCL5, CD4 and CD8 T-cell response, and innate immune biomarkers such as Granzyme A (GZMA) and Perforin 1 (PRF1) as well as inflammatory biomarkers related to the NF-κB pathway such as Bcl3. The study showed the importance of the interplay of various immune cells in the therapeutic effect of PDT.





The role of systems immunology in immuno-oncology

In the collected studies, the high number of patients’ data extracted from known cancer databases such as TCGA and GEO, and the mathematical approaches such as unsupervised learning, Bayesian calculus, maximum likelihood estimation, and predictive algorithms, and computational methods including GSEA, subclass mapping and connectivity map analysis applied, shed light on the interactions within cellular and molecular networks of the immune system in the various cancer models investigated. The use of systems immunology approaches thus provided insights beyond the isolated immune component (cell or function) that is analysed using ex vivo or in vivo studies, as well as the prediction of the overall immune functions and immune-cancer cell interactions. Taking advantage of this novel approach, the studies in this Research Topic identified novel biomarkers for cancer patients’ stratification and prognosis prediction, which were validated on independent patients’ cohorts.





Conclusions and thoughts

Cancer is a heterogenous complex chronic disease, and the immune system is designed to adapt and maintain homeostasis (steady state) through the containment of environment or genetic perturbations that eventually lead to cancer. Understanding the relationship between two complex adaptive systems requires the generation of large amount of data from different modalities that examine the interplay between cancer and immunology from different perspectives. Systems immunology is an emerging field that combines biology, immunology, bioinformatics and mathematics to understand complex biological systems at the molecular level.

This Research Topic showed that investigating the immunological changes that result from cancer using OMICs, as well as other molecular data, can lead to the identification of more homogeneous cancer subgroups and biomarkers with more accurate prognostic and predictive value. This may lead to more accurate diagnosis and prognosis of various cancers at the early stages paving the road for more effective and personalized therapeutic approaches. In addition, studying the associated immunological response to cancers may shed light on the complex molecular mechanisms involved in cancer progression and metastasis as well as in resistance to therapy.

In future, the advent of Artificial Intelligence and Machine Learning as well as the development of more sophisticated mathematical algorithms may further improve the multidisciplinary approaches and tools to better characterize the immuno-oncology system crosstalk leading to better understanding of the cancer initiation, progression and metastasis thereby providing more effective therapy to the patients.





Author contributions

RH: Conceptualization, Data curation, Formal Analysis, Methodology, Project administration, Supervision, Validation, Writing – original draft, Writing – review & editing. LC: Conceptualization, Data curation, Formal Analysis, Methodology, Resources, Validation, Writing – original draft, Writing – review & editing. DO: Conceptualization, Data curation, Formal Analysis, Methodology, Writing – review & editing. AM: Data curation, Formal Analysis, Methodology, Writing – review & editing.





Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.




Acknowledgments

We would like to thank all the authors who contributed to this Research Topic and all the expert reviewers who provided constructive feedback and criticism during the review process.





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.

The author(s) declared that they were an editorial board member of Frontiers, at the time of submission. This had no impact on the peer review process and the final decision





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

Copyright © 2023 Hamoudi, Conti, Olive and MacRobert. 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: 10 January 2020
doi: 10.3389/fonc.2019.01497






[image: image2]

Identification of Distinct Immune Subtypes in Colorectal Cancer Based on the Stromal Compartment

Rongfang Shen1†, Ping Li2†, Bing Li3, Botao Zhang4, Lin Feng1* and Shujun Cheng1*


1State Key Laboratory of Molecular Oncology, Department of Etiology and Carcinogenesis, National Cancer Center/National Clinical Research Center for Cancer/Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College, Beijing, China

2Beijing Key Laboratory of Pediatric Hematology Oncology, National Key Discipline of Pediatrics (Capital Medical University), Key Laboratory of Major Diseases in Children, Ministry of Education, Hematology Oncology Center, Beijing Children's Hospital, Capital Medical University, National Center for Children's Health, Beijing, China

3Department of Peritoneal Cancer Surgery, Beijing Shijitan Hospital, Capital Medical University, Beijing, China

4Department of Neuro-oncology, Neurosurgery Center, Beijing Tiantan Hospital, Capital Medical University, Beijing, China

Edited by:
Lucia Conti, Istituto Superiore di Sanità (ISS), Italy

Reviewed by:
Ying Ma, University of Texas MD Anderson Cancer Center, United States
 Mallikarjun Bidarimath, Cornell University, United States

*Correspondence: Lin Feng, fenglin@cicams.ac.cn
 Shujun Cheng, chengshj@cicams.ac.cn

†These authors have contributed equally to this work

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

Received: 05 October 2019
 Accepted: 12 December 2019
 Published: 10 January 2020

Citation: Shen R, Li P, Li B, Zhang B, Feng L and Cheng S (2020) Identification of Distinct Immune Subtypes in Colorectal Cancer Based on the Stromal Compartment. Front. Oncol. 9:1497. doi: 10.3389/fonc.2019.01497



The tumor environment is of vital importance for the incidence and development of colorectal cancer. Increasing evidence in recent years has elaborated the vital role of the tumor environment in cancer subtype classification and patient prognosis, but a comprehensive understanding of the colorectal tumor environment that is purely dependent on the stromal compartment is lacking. To decipher the tumor environment in colorectal cancer and explore the role of its immune context in cancer classification, we performed a gene expression microarray on the stromal compartment of colorectal cancer and adjacent normal tissues. Through the integrated analysis of our data with public gene expression microarray data of stromal and epithelial colorectal cancer tissues processed through laser capture microdissection, we identified four highly connected gene modules representing the biological features of four tissue compartments by applying a weighted gene coexpression network analysis algorithm and classified colorectal cancers into three immune subtypes by adopting a nearest template prediction algorithm. A systematic analysis of the four identified modules mainly reflected the close interplay between the biological changes of intrinsic and extrinsic characteristics at the initiation of colorectal cancer. Colorectal cancers were stratified into three immune subtypes based on gene templates identified from representative gene modules of the stromal compartment: active immune, active stroma, and mixed type. These immune subtypes differed by the immune cell infiltration pattern, expression of immune checkpoint inhibitors, mutation landscape, extent of mutation burden, extent of copy number burden, prognosis and chemotherapeutic sensitivity. Further analysis indicated that activation of the NF-kB signaling pathway was the major mechanism causing the no immune infiltration milieu in the active stroma subtype and that inhibitors of the NF-kB signaling pathway could be candidate drugs for treating patients with an active stroma. Overall, these results suggest that characterizing colorectal cancer by the tumor environment is of vital importance in predicting patients' clinical outcomes and helping guide precision and personalized treatment.

Keywords: microdissection, colorectal cancer, tumor environment, weighted gene coexpression network analysis, immune subtypes, immunotherapy


INTRODUCTION

Colorectal cancer is the third most common cancer and ranks second in terms of cancer-related mortality (1). Most colorectal cancer patients die because of a late diagnosis, recurrence after surgical excision, or resistance to chemotherapy or radiotherapy. Patients with the same American Joint Committee on Cancer (AJCC) stage and pathomorphological features are given consistent treatment regimens and often have distinct prognoses and treatment responses. The current treatment dilemma underscores the critical need to improve colorectal cancer classification with distinct molecular features and survival outcomes for reasonable clinical treatment decisions.

The tumor epithelium and surrounding microenvironment closely interact through the extracellular matrix or secreted factors such as exosomes, cytokines, and angiogenic factors (2). The depiction of a transcriptome map of the altered biological processes in the epithelial and stromal compartments will not only allow investigators to comprehensively understand the mechanism of cancer initiation and the complex coevolving relationships between the intrinsic and extrinsic factors of tumors (3) but also help in the detection of druggable epithelial–stromal crosstalk targets (4). Nishida previously used a laser capture microdissection (LCM)-processed miRNA and gene expression microarray to reveal two miRNA clusters with high expression in the cancer stroma (5). However, the major changes in the biological features of the epithelial and stromal compartments between colorectal cancer and adjacent normal tissues remain poorly understood. A systematic analysis of the different compartments of colorectal tissues is needed to better understand the mechanisms of tumor initiation.

The tumor microenvironment (TME), which includes blood vessels, lymph vessels, immune cells and mesenchymal cells, is a complex ecosystem of stromal cells and plays a critical role during tumorigenesis and progression. Previously identified transcriptome subtypes of colorectal cancer associated with a poor prognosis, including the stem (6), serrated (7), and mesenchymal (8) subtypes, are enriched with genes derived from the activated stromal compartment. The differentially expressed genes of preoperative chemoradiotherapy-treated rectal carcinomas between responders and non-responders are mainly contributed by the stroma and not tumor glands (9). The TME is a major contributing factor for patient outcomes and chemoradiotherapy treatment responses (10, 11). Additionally, recent studies have indicated that TME characteristics are closely associated with the response to immune checkpoint blockade (ICB) treatment (12, 13). For example, epithelial-mesenchymal transition (EMT)-, stroma- and angiogenesis-related signatures are significant contributors to ICB treatment resistance (14, 15), while the high infiltration of cytotoxic T cells can elicit an effective immune response to attack tumor cells (16). Thus, the surrounding tumor environment can shape the biological behavior and the reaction of tumor cells to a drug regimen.

Despite increasing evidence proving the crucial role of the immune context in determining immunological treatment reactions and prognoses, most studies have focused on bulk tumor transcriptomes, with mixed data from the tumor epithelium and stroma. Few studies have focused on the changes in immunological responses purely modified by the surrounding immune context. In this study, we first described the major biological process changes in the epithelium and stroma of colorectal cancers and adjacent normal tissues and defined three diverse colorectal immune subtypes, namely, the “active immune,” “active stroma” and “mixed type” subtypes, based on the top 40 most connected genes from the identified network module by adopting weighted gene coexpression network analysis (WGCNA). These subtypes had distinct immune environments, genomic contexts, and ICB treatment and chemotherapy response tendencies. Drugs targeting the NF-kB signaling pathway could convert cold tumors into hot tumors. Overall, this work proposes a new colorectal cancer classification system that is purely based on the tumor environment and has the potential to guide treatment decisions.



MATERIALS AND METHODS


Clinical Samples

Tissues from six patients with colorectal cancer and 6 adjacent normal tissue samples (located more than 5 cm away from the tumor edge) were obtained during surgery. Four patients had paired tumor and adjacent normal samples, and the other four samples were obtained from distinct patients. The obtained tissues were independently morphologically reviewed by two experienced pathologists to confirm the diagnostic accuracy. Representative histopathological images are showed in Figure S1. Fresh tissues were cleaned with normal saline solution and frozen at -80°C within 30 min before RNA preparation. No chemotherapy or radiotherapy was administered to the patients prior to therapeutic resection. All patients underwent resection of the primary tumor at the Department of Peritoneal Cancer Surgery, Beijing Shijitan Hospital, Capital Medical University (Beijing, China) between February 2016 and December 2016. Written informed consent was obtained from all patients, and the study protocol was approved by the Ethics Committee of the National Cancer Center/Cancer Hospital, Chinese Academy of Medical Sciences and Peking Union Medical College.



Microdissection Processing of Colorectal Tissue and Gene Expression Microarray

The stromal compartment of the cancer and normal samples was obtained manually by microdissection. All colorectal tissues were embedded in OCT (Thermo Fisher) and cut into 10-μm slices with a freezing microtome. The frozen tissue slices were then placed in hematoxylin for 2-5 s. Next, stromal tissues were isolated with a needle under a microscope and collected in Eppendorf tubes. Schematic diagram of the marked stromal compartment processed through microdissection are illustrated in Figure S1. Total RNA extracted from the stromal compartment of the cancer and normal samples was labeled and hybridized to Agilent 8*60K Whole Human Genome Oligo Microarrays (G4851B) according to the manufacturer's protocol. All RNA integrity numbers (RINs) of the microdissected sample compartments were greater than 7.0, and RNA integrity was assessed using an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA). The raw and processed data are publicly available at the Gene Expression Omnibus (GEO) website under accession number GSE136735. A previously published dataset, GSE35602, which contains epithelial and stromal regions of colorectal cancer and normal tissues through LCM, was integrated to identify specific modules of different colorectal compartments (5). The background correction and normalization of raw data were processed by the R package “limma.” The Combat algorithm was used to eliminate technological bias caused by different microarray platforms between the two datasets described above (17). Since the stromal compartment in our microarray profile was obtained manually by microdissection and the GSE35602 dataset was processed through LCM, we used the term “microdissection” to generalize the two methods in our integrated data in this study. Basic clinical characteristics of the enrolled samples in the two datasets are demonstrated in Table S1.



Public Colorectal Cancer Transcriptional Profiles

In this study, we used the GSE39582 dataset, which is the largest microarray cohort with complete survival information among published colorectal cancer expression spectra, and the TCGA-COADREAD (TCGA-COAD and TCGA-READ) cohort. The R packages “GEOquery” (18) and “TCGAbiolinks” (19) were implemented to download the processed expression matrix and clinical data of the GEO datasets and the TCGA-COADREAD cohort, respectively, in March 2018. Available TCGA “level 3” gene expression data of the TCGA-COADREAD cohort were downloaded. Log2 (transcripts per kilobase million (TPM) + 1)-transformed normalized values were applied for immune cell infiltration pattern estimation and SubMap analysis. The survival information data of the TCGA cohort, including overall survival and relapse-free survival, were downloaded from the UCSC Xena browser, while other clinical data, such as age, sex, and microsatellite information, were obtained by the R package “TCGAbiolinks.” For genes with multiple probe sets, the mean expression levels were used as the gene expression values.



ICB Cohorts

Four pretreatment tumor expression profiles of ICB cohorts were included in this study to assess the similarity between the identified subtypes and the ICB treatment response. The data of melanoma patients treated with anti-PD-1 (accession number: GSE78220) (15), metastatic melanoma patients treated with MAGE-A3 immunotherapy (accession number: GSE35640) (20), and mice AB1-HA tumors treated with anti-CTLA-4 (accession number: GSE63557) (21) were obtained from the National Center for Biotechnology Information (NCBI) GEO database (http://www.ncbi.nlm.nih.gov/geo/). The data of patients with metastatic urothelial tumors from the IMvigor210 cohort (22) treated with anti-PD-L1 were obtained from http://research-pub.gene.com/IMvigor210CoreBiologies/. Processed fragments per kilobase million (FPKM) data of the GSE78220 cohort were transferred into TPM data. Gene expression in the IMvigor210 cohort was normalized by implementing the “voom” function in the “limma” package. The processed normalized data of the remaining two microarray cohorts were obtained by the “GEOquery” package.



Identification of Representative Modules of Colorectal Compartments

To illustrate the biological changes in the epithelial and stromal compartments between colorectal cancer and normal tissues, we applied WGCNA to identify the representative transcriptional network modules of the different compartments. Genes with a low dynamic range were excluded, and only the top 8000 genes with the highest standard deviation were evaluated to construct the coexpression network. The freely available statistical analysis software (“WGCNA” R package) and R tutorials for constructing the weighted gene coexpression network have been described previously (23).



Identification of Colorectal Cancer Subtypes Based on Microenvironment Features

To clarify the impact of the surrounding environment of the tumor on colorectal cancer, nearest template prediction (NTP) (24) was applied to assign patients into three transcriptomic subtypes. NTP performed class prediction using predefined gene markers and returned the significance level of each sample prediction with a nominal P-value. We set the Benjamini-Hochberg (BH)-corrected false discovery rate (FDR) to 0.2 as the prediction threshold for the significant classification of a sample according to a previous report (6). The tumor purity information of the TCGA-COADREAD and GSE39582 cohorts was extracted from previous TCGA research (25) using the ABSOLUTE method (26) and estimated using the R package “estimate” (27).



Subclass Mapping

The Subclass Mapping (SubMap) method (28) was used to evaluate the similarity between the identified subtypes and the immunotherapy-treated patients. The SubMap algorithm uses the Gene Set Enrichment Analysis (GSEA) function to evaluate the extent of commonality of the different subtypes in independent datasets. P-values were used to evaluate the similarity, and the lower the P-values were, the higher the similarity. Recommended default parameters, including the number of marker genes (100), random permutations for the enrichment score (100), and random permutations for Fisher's statistics (1000), were used. The R package “complexHeatmap” (29) was implemented to visualize the results of the SubMap analysis.



Correlation of TME-Based Subtypes With Mutations and Copy Number Aberrations

Significantly mutated genes were generated by MutSigCV_1.41 for the TCGA-COADREAD cohort accessed from the mutation annotation file (https://gdc.cancer.gov/about-data/publications/panimmune).

MutSigCV (30) identifies significantly mutated genes more than expected by chance. The tumor mutation burden (TMB) of each patient was calculated as the total number of non-synonymous mutations per megabase. Fisher's exact test was applied to detect different mutated genes between the active immune and active stroma compartments. For copy number analysis, we applied GISTIC_2.0 to identify significantly amplified or deleted genomes (31). The burden of copy number loss or gain was calculated as the total number of genes with copy number changes at the focal and arm levels. NTP, SubMap, MutSigCV_1.41 and GISTIC_2.0 are freely available on GenePattern (https://cloud.genepattern.org).



Functional Analysis and GSEA

The R package “clusterProfiler” (32) was applied for the Gene Ontology (GO) analysis of four core transcriptional modules inferred from the WGCNA. GSEA was applied to enrich hallmark gene sets downloaded from the Molecular Signatures Database (MSigDB). Input genes were ranked in descending order according to the log2FC values. Enrichment significance was estimated using default settings and 1000 permutations. Benjamini–Hochberg-adjusted P-values less than 0.05 were considered significantly enriched.



Quantifying Tumor-Infiltrating Immune Cells

To estimate the immune and stromal cell infiltration patterns in colorectal cancer, the Microenvironment Cell Populations-counter (MCP-counter) method (33) using colorectal cancer gene expression profiles was applied. MCP-counter is a robust and highly informative method that quantifies eight types of immune cells and two types of stromal cells based on marker genes.



Connectivity Map Analysis

To further illustrate the molecular mechanism underlying the difference in immunogenicity between active immune and active stroma compartments and identify potentially useful drugs, we performed connectivity map analysis (34) using the 150 genes with the most significant fold changes (up- and downregulated). In total, we submitted 300 genes to the CMap website (https://clue.io/). All 300 genes were significantly different under the criterion of FDR-adjusted P < 0.05 in the TCGA-COADREAD cohort.



Predicting the Clinical Chemotherapeutic Response

The R package “pRRophetic” (35)was applied to estimate the chemotherapeutic response of 5-fluorouracil and cisplatin in the TCGA-COADREAD and GSE39582 cohort. Cell lines originating from the digestive system and the “cgp2016” dataset were applied when implementing the “pRRopheticPredict” function. This methodology fitted the ridge regression model based on baseline gene expression and drug sensitivity of the cell line, thus allowing the prediction of the clinical chemotherapeutic response using only patients' baseline gene expression data (36). Drug sensitivity was measured by the concentration required for 50% of cellular growth inhibition (IC50).



Statistical Analysis

All statistical analyses were performed using R (https://www.r-project.org/). The Wilcoxon rank-sum test was adopted to compare differences between two groups. We used the Kruskal–Wallis test to evaluate significant differences when comparing more than two groups. The “edgeR” pipeline was adopted for the differential expression analysis. Survival probabilities were estimated with the Kaplan-Meier method, and the log-rank (Mantel-Cox) test was used to compare the survival distributions between two groups. A log-rank P < 0.05 was considered statistically significant.




RESULTS


Transcriptional Map of the Epithelium and Stroma in Colorectal Cancer and Adjacent Normal Tissues

To systematically characterize the expression patterns of the epithelial and stromal compartments during colorectal carcinogenesis, we performed WGCNA on the 8000 most variable genes (Table S2) and identified 12 transcriptional modules with gene numbers ranging from 47 to 1874 genes (Figure 1A). In relating these modules to tissue compartment information by correlating the eigengenes of each module with compartment traits, four modules with the most significant correlations to the tumor epithelium (blue module), tumor stroma (yellow module), normal epithelium (red module), and normal stroma (brown module) were identified (Figure 1B). The eigenvalue of these selected modules was the highest within the most closely related samples relative to the samples in the remaining three groups, which also confirmed their representation (Figure 1C). The heat map in Figure 1D shows the expression levels of all modules, and these four modules have remarkably high expression levels with their most correlated samples. Given the representativeness of these four modules, biological process enrichment analysis was applied to investigate the related properties of tissue glands and the stroma in the process of tumorigenesis (Figure 1E, Table S3). The yellow module, which had a markedly high expression level in the colorectal tumor stroma, was characterized by the overexpression of genes involved in extracellular matrix organization, the cellular response to transforming growth factor-β stimulus and the collagen metabolic process. Immune-related pathways such as T cell activation, B cell activation and lymphocyte differentiation were enriched in the brown module, whose expression level was the highest in the normal stroma. Different GO biological processes between the normal stroma and tumor stroma in the colorectum consisted of the transformation of immune-infiltrating cells (from B lineage cells and T cells to fibroblasts) (Figures S2A,B). Cancer-associated fibroblast-secreted cytokines such as IL-6 influence the phenotype of neoplastic cells, including proliferation, migration, and angiogenesis (37). Consistent with this finding, the overexpression of CDK1, EREG and ANLN along with several biological processes related to cell proliferation, such as nuclear division, DNA replication and regulation of the mitotic cell cycle phase transition, were enriched in the blue module. The red module was characterized by genes involved in metabolic pathways, including lipid catabolic processes and steroid metabolic processes (Figure 1E). The systematic analysis of stromal and epithelial tissues between colorectal cancer and adjacent normal tissues indicated that the tumor stroma might provide a suitable niche prompting tumor cell proliferation and invasion, while a normal environment with abundant immune cells helps maintain the function of the normal colorectum.
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FIGURE 1. Identification of modules representative of diverse colorectal compartments. (A) Hierarchical cluster dendrogram of the top 8000 genes with the highest standard deviation. The identified modules underneath the tree are color coded. (B) Heat map of module-trait associations; rows represent the module eigengene, and columns represent clinical traits. The Spearman correlation and significance level enclosed in brackets are labeled in each cell. The color intensity of the cell corresponds to the correlation coefficient. (C) Eigengene bar plot of the yellow, brown, blue and red modules. Samples are ordered by the tumor stroma, normal stroma, tumor epithelium, and normal epithelium and are labeled in yellow, brown, blue and red, respectively. The module eigengene is defined as the first principal component of the module's expression matrix. (D) Hierarchical clustering heat map of the top 8000 genes with the highest standard deviation. Genes are ordered by the modules, ranging from the black module to the yellow module. The samples' corresponding tissue compartments are annotated in the column annotation panel on the top side of the heat map. The color intensity indicates the relative expression level of the genes. (E) Dot plot of the biological process enrichment results. The top 10 GO terms with the highest enrichment levels are shown; the dot size and color represent the gene count and enrichment level, respectively.




Identification of Colorectal Transcriptomic Subtypes Based on the Surrounding Microenvironment

The TME plays a crucial role in colorectal tumorigenesis and progression. Considering the vital importance of the tumor environment, we classified colorectal cancer patients into distinct tumor types based on the context of the tumor environment for further analysis. The top 20 genes with the highest network degree in the yellow module and brown module were selected as the gene templates (Table S4). The gene templates and genes in the whole module were highly correlated in both the yellow (Spearman's correlation coefficient = 0.86, P < 0.001, Figure 2A, left) and brown (Spearman's correlation coefficient = 0.73, P < 0.001, Figure 2A, right) modules. We assigned patients into three immune subtypes, namely, the “active stroma,” “active immune” and “mixed type” subtypes by applying NTP analysis using these curated gene templates (Figure 2B). NTP, a well-acknowledged signature-based disease classification method, uses only a list of gene signatures to assess the possibility of each single sample belonging to a specific classification. As shown in Figure 2B, 33.7% (217/644) of the colorectal cancer patients from the TCGA-COADREAD cohort were predicted as having an active stroma compartment, 29.8% (192/644) were predicted as having an active immune compartment, and the remaining samples that failed to be classified into these categories (with an FDR above 0.2) fell into the third cluster, termed the mixed type (Table S6). The GSEA of the hallmark gene sets (Table S5) showed that the presence of the active stroma subtype was associated with angiogenesis, EMT, and myogenesis (Figure 2C), and gene sets enriched in immune activation, such as the interferon alpha response, the gamma response and allograft rejection, were observed in the active immune subgroup (Figure 2D). The active immune subgroup exhibited a trend toward better recurrence-free survival than the other two subgroups (TCGA-COADREAD: cohort log-rank P = 0.036, Figure 2E; GSE39582 cohort: log-rank P = 0.021, Figure 2F), while no significant difference in overall survival was observed between these identified subtypes (data not shown).
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FIGURE 2. Selected gene template-based NTP reveals subtypes characterized by a distinct immune context and is associated with survival outcomes. (A) Correlation scatter plot of the 20 selected hub genes and genes in the whole module. The enrichment score of each sample in a given gene set was calculated through the ssGSEA algorithm. The correlation coefficient and the significance level of the test are annotated at the top left of the figure. Left: yellow module. Right: brown module. (B) Heat map showing the expression patterns of the selected hub genes in the TCGA-COADREAD cohort based on the identified immune subtypes. Genes annotated on the right side of the heat map are the selected core genes separated by the module to which they belong. The immune subtype classification of each sample is annotated at the top side of the heat map. Color intensities indicate the expression level of the genes. (C,D) GSEA plot of the enriched hallmark gene sets derived from the Molecular Signatures Database (MSigDB). The running score and preranked list are placed at the top and bottom of the GSEA plot. The middle indicates whether members of gene sets appear in the ranked list of genes. Multiple gene set enrichment results indicated by corresponding colors are shown on the same figure. (E,F) Kaplan–Meier curves for relapse-free survival (RFS) of the three identified immune subtypes in the TCGA-COADREAD and GSE39582 cohorts.


IFNG produced by immune cells in the tumor environment plays an important role in recruiting CD8 T cells and in NK cell infiltration (38). Cancers that feature high levels of angiogenesis factors usually exhibit an immunosuppressive phenotype, with high infiltration of regulatory T cells (Tregs), myeloid-derived suppressor cells (MDSCs), and tumor-associated macrophages (TAMs) (39). Overall, the active immune subtype exhibits favorable immune conditions against tumor initiation and progression, while the active stroma subtype exhibits adverse conditions.



Demographic Characteristics

The distribution of sex, age at diagnosis and BMI were not different between these identified subtypes in TCGA-COADREAD cohort. Microsatellite instability-high (MSI-H) and -low (MSI-L) subtypes, CMS1 and CMS3, and early-stage tumors (stage I and stage II) were dominant in the active immune subtype, while the microsatellite stable (MSS) subtype, CMS4 and late-stage tumors (stage IV) were predominant in the active stroma subtype (Table 1).


Table 1. Distribution of clinical characteristics among TME subtypes.
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TME-Based Subtypes Related to the Immunotherapy Response

Immunotherapy can induce the durable remission of metastatic melanoma and non-small cell lung cancer (NSCLC), yet only a small subset of patients obtain a clinical response. Thus, detecting patients with high sensitivity to immunotherapy before implementing treatment is of vital importance. To comprehensively depict the immune landscape of the identified subtypes, published functional gene sets (Table S11) were adopted to perform immune context annotation. Unexpectedly, the active immune group showed enriched T cells, cytotoxic lymphocytes, a high expression of immune checkpoints (PD1, PD-L1, and CTLA4) and some active immune response factors, including T cell cytotoxicity factors (GZMA, GZMB, and IFNG), and B cell markers (CD86 and CD80). In contrast, the active stroma group was enriched with endothelial cells, fibroblasts, EMT features and TGF-β signature genes (Figure 3A). Given the significant correlation between the expression of immune checkpoints (PD-1, PD-L1, and CTLA-4), the infiltration numbers of cytotoxic T cells and the immunosuppressive microenvironment with ICB responses (40, 41), we further explored the potential immunotherapy treatment benefit of the active immune group. SubMap analysis showed that the active stroma group shares high similarity with anti-PD-1 resistance in melanoma patients (Figure 3B, top left) and metastatic urothelial tumors treated with PD-L1 checkpoint inhibitors (Figure 3B, top right). The active immune class shares high similarity with melanoma patients who responded to treatment with MAGE-A3 (Figure 3B, bottom left) and BALB/c mice who responded to treatment with anti-CTLA-4 (Figure 3B, bottom right). Patients with a clinical response status to immunotherapy, including a complete response (CR) or partial response (PR), were considered immunotherapy responders, while those with stable disease (SD) or progressive disease (PD) were considered immunotherapy non-responders. Distinct immunotherapeutic regimens exhibited non-conformity with the identified immune subtypes, which might be due to the distinct resistance and reactive mechanisms of cancer cells adopted under different regimens and cancers (15, 42, 43). SubMap analysis on another colorectal cancer cohort, GSE39582 (Figure S3B), also achieved similar results, further confirming the non-conformity between the identified colorectal subtypes and the immunotherapy-treated cohorts that was mainly caused by distinct immunotherapy regimens and adopted tumor types. In addition, the expression of eight biomarkers established in the POPLAR trial (44), except for GZMB, was significantly higher in the active immune group than in the active stroma group (Figure 3C). By applying the identical analysis to the GSE39582 cohort, we obtained similar results (Figures S3A,B,D), which served as independent cross-validation. No difference was observed in tumor purity between these identified subtypes (Figure S3C, Table S9), thus eliminating potential bias elicited by differences in purity. Thus, our identified subtypes characterized by distinct immune contexts and their relationship with the immunotherapy treatment response may provide valuable information for clinical treatment decisions.
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FIGURE 3. Identification of immune subtypes with distinct immune contexts and immunotherapeutic responses. (A) Complex heat map of the functional gene signature and immune cell infiltration score across immune subtypes in the TCGA-COADREAD cohort. The immune cell infiltration score was generated by MCP-counter. Corresponding feature names of the gene signatures are shown on the left side of the heat map. The TME subtype, CMS subtype, MSI status, tumor site, stage, sex and RFS are annotated in the lower panel. Color intensities indicate the expression level of the genes or the infiltration score of immune cells. (B) SubMap analysis of the TCGA-COADREAD cohort and four independent preimmunotherapeutic treatment datasets. The active stroma subtype shares high similarity with the immunotherapeutic resistance class in the GSE78220 and IMvigor210 cohorts, while the active immune subtype shares high similarity with the immunotherapeutic response class in the GSE35640 and GSE63557 cohorts, and the mixed type is not associated with either responders or non-responders. The colors labeled in each cell reflect the P-values of each subclass association. A.I., A.S., and M.T. represent the active immune, active stroma and mixed type, respectively. (C) Box plot of prognostic genes in the POPLAR study, with expression profiling among the immune classes. The gene expression level was normalized by log2 (TPM+1) transformation. The statistical significance of pairwise comparisons is annotated with symbols in which ns, *, **, and *** and **** represent not significant (P > 0.05), P ≤ 0.05, P ≤ 0.01, P ≤ 0.001, and P ≤ 0.0001, respectively. The Wilcoxon rank-sum test was used for comparisons between two groups, and the Kruskal–Wallis test was used for comparisons between more than two groups.




Genomic Features of the TME-Based Subtypes

Recent analyses have linked the tumor genomic landscape with tumor cytolytic activity, indicating that a high TMB and specific somatic mutations are associated with antitumor immunity (45). The associated genomic data available in the TCGA database allowed us to investigate the underlying genomic mechanisms. In terms of TMB, patients in the active immune group and the mixed type group showed a higher TMB than those in the active stroma group (Table S10: active immune vs. active stroma: Wilcoxon rank-sum test P = 0.00016; mixed type vs. active stroma: Wilcoxon rank-sum test P = 0.00019). Notably, no significant difference was found between the active immune and mixed type groups (Table S10: active immune vs. mixed type: Wilcoxon rank-sum test P = 0.62), and the mixed type group did not exhibit particular immunologic characteristics or immunotherapeutic benefits compared with the active immune group (Figure 3B), which indicates that our immune subtype classification can identify patients with inflammatory milieu under similar TMB backgrounds. TMB of each sample in the TCGA-COADREAD cohort can be found in Table S8. To systematically elucidate the underlying genomic mechanism, we focused on 43 significantly mutated genes (SMGs) identified through MutSigCV_1.41 under a stringent threshold (q < 0.05) and identified 14 different mutated genes between the active stroma and active immune groups with a Benjamini-Hochberg-adjusted P < 0.05 (Figure 4B, Table S7). The identified mutated genes involved in antigen presentation (B2M) (45), cell cycle regulation (FBXW7) (46), the MAP kinase/ERK signaling pathway (BRAF) and the extrinsic apoptosis pathway (CASP8) (25)have been previously reported to be positively associated with immune cytolytic activity and the expression of costimulatory genes frequently mutated in the active immune group, while tumor suppressor genes including TP53 and APC were more frequently mutated in the active stroma group. TP53 (47) controls the expression of hundreds of genes involved in immunity, and the activation of the Wnt/beta-catenin pathway leads to a non-inflammatory milieu (48). These data suggest that tumor cells might adapt distinct escape mechanisms, primarily by impairing the extrinsic apoptosis pathway and antigen presentation in the active immune group and through the exclusion of immune effector cells in the active stroma group.
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FIGURE 4. Genetic and copy number alterations across immune subtypes. (A,C) Distribution of TMB (A) and focal and broad copy number alterations (C) among the TME subtypes. The statistical significance of pairwise comparisons is annotated with symbols in which ns and *** represent not significant (P > 0.05) and P ≤ 0.001, respectively. A.I., A.S., and M.T. represent the active immune, active stroma and mixed type, respectively. (B) Mutation landscape of SMGs in the TCGA-COADREAD cohort. Genes are ordered by decreasing mutation frequency, and samples are sorted by the TMB in each subgroup. OncoPrint bar plot annotation; TMB and the TME subtype are annotated in the upper panel. Genes with a significant difference between the active immune and active stroma subtypes are annotated with symbols in which *, **, and *** represent P ≤ 0.05, P ≤ 0.01, and P ≤ 0.001, respectively. (D) Copy number profiles for the active stroma, active immune and mixed subtypes, with gains in dark red and losses in midnight blue. Gene segments are placed according to their location on chromosomes, ranging from chromosome 1 to chromosome 22. (E) Detailed cytoband with focal amplification (left) and focal deletion (right) in the active stroma group generated with GISTIC_2.0 software. The q value of each locus is plotted horizontally.


Given the recently reported evidence that a high burden of copy number loss is positively related to anti-CTLA-4 blockade resistance (49, 50), we next explored copy number alterations between these distinct immune groups. Similar to the findings of previous reports, patients within the active immune group showed a lower burden of gain and loss at the focal level and a lower burden of gain at the arm level compared with those in the active stroma group (Table S10: active immune vs. active stroma on focal-level gain burden: P = 0.0000023; focal-level loss burden: P = 0.00025; and arm-level gain burden: P = 0.053). Copy number burden of each sample in the TCGA-COADREAD cohort can be found in Table S8. Figure 4D shows the distribution of the G-score across all chromosomes in these subtypes. Focal amplifications (13q34, 20p11.21, and 20q13.33) and deletions (4q32.1, 5q15, and 5q34) within chromosomal regions were detected in the active stroma group (Figure 4E). The focal alterations of the active immune and mixed type groups are shown in Figure S4. The somatic copy number alteration (SCNA) level correlated with reduced cytotoxic immune infiltration, while the increased total mutation number correlated with high immune infiltration in colorectal cancer. The burden of copy number gain and loss in the mixed type group fell between those of the active immune and active stroma groups at the focal level (Figure 4C). It appears that focal copy number alterations strongly contribute to the difference in immune infiltration in colorectal cancer.



Chemotherapeutic Treatment Response Tendency of the TME-Based Subtypes and Activation of the NF-kB Pathway in the Active Stroma Subtype

Platinum and 5-fluorouracil are widely used in the treatment of advanced colorectal cancer. Considering that chemotherapy is the most widely used strategy in the treatment of colorectal cancer, we used the “pRRophetic” package to predict the treatment response to 5-fluorouracil and cisplatin. The active immune subtype was more sensitive to 5-fluorouracil, while the active stroma subtype was more sensitive to cisplatin (Figure 5A) in TCGA-COADREAD cohort, strong concordance between chemotherapeutic treatment sensitive and TME-based subtypes was also seen in GSE39582 cohort (Figure S3F). This result can be used to guide the personalized treatment of colorectal cancer patients.
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FIGURE 5. Different chemotherapeutic sensitivities across immune subtypes and activation of the NF-kB pathway in the active stroma. (A) Distribution of the estimated IC50 of 5-Fluorouracil and Cisplatin among the TME subtypes in TCGA-COADREAD cohort. The statistical significance of pairwise comparisons is annotated with symbols in which ns, *, **, and *** represent not significant (P > 0.05), P ≤ 0.05, P ≤ 0.001, and P ≤ 0.0001, respectively. A.I., A.S., and M.T. represent the active immune, active stroma and mixed type, respectively. (B) Bar plot of the candidate perturbations inferred from connectivity map analysis. Cp, kd, and oe represent compound, knockdown and overexpression, respectively. The score value placed on x-axis represents a holistic measurement of the relationship between the query gene set and the perturbation. The higher positive score, the more similar between the query and the perturbation. On the contrary, the lower negative score, the more opposing. (C) Complex heat map of the downstream genes of the NF-kB pathway. Genes with a significant difference between the active immune and active stroma subtypes are annotated with symbols in which **, and *** represent P ≤ 0.01, and P ≤ 0.001, respectively. Log2-fold change between the active stroma and active immune subtypes is shown on the right panel.


To identify candidate drugs and small molecules targeting the active stroma, we employed Connectivity Map (CMap) tools (34). CMap is a data-driven algorithm connecting genes, drugs and diseases and is widely used to discover potential therapeutic drugs and small molecules and to explore the mechanism of action underlying these drugs (51). We identified 22 candidate small molecules with absolute connectivity scores >90 (Figure 5B). We observed that knocking down the TRAF7-derived gene signature was strongly anticonnected with active stroma patients. TRAF7 is a signal transducer for members of the TNF receptor superfamily, indicating the activation of the NF-kB pathway in the active stroma. It has been reported that the activation of NF-kB in pancreatic stellate cells prevents the infiltration of cytotoxic T cells by upregulating CXCL12 in pancreatic cancer (52). Overexpression of its downstream genes, such as MMP9 and IL6, was observed in the active stroma subtype compared with the active immune subtype (Figure 5C). Thus, strategies to deactivate the NF-kB pathway, such as blocking TRAF7, might be useful to enforce the infiltration of cytotoxic T cells and to kill colorectal cancer cells.




DISCUSSION

The colorectal gland epithelia and surrounding tumor environment interact and are mutually restricted during tumorigenesis. Normal colorectal glands mainly participate in digestion, iron metabolic processes and immunologic processes, including T cell activation, B cell activation and lymphocyte differentiation; these processes are enriched in its matching microenvironment to provide a defense mechanism against hostile factors to reach self-stabilization. In contrast, the tumor epithelium proliferates rapidly with the corresponding immunosuppressive environment, and thus, cancer cells are not expunged. Complementary changes in the tumor gland and microenvironment lead to cancer progression, metastasis and drug resistance. To date, no studies have systematically elaborated on the molecular interaction patterns of the epithelium and stroma during colorectal cancer initiation. Recently, rapidly developed technologies, such as single-cell RNA-seq, have allowed us to clarify the complex and dynamic relationship between cells (53, 54). However, the spatial location information of cells, which is of vital importance during tumorigenesis and progression, has been overlooked. Combining microdissection transcriptome profiling with single-cell RNA-seq or other developing technologies, such as Slide-seq (55), might help us determine spatial cell communication patterns.

We first revealed three molecular subsets, namely, the “active immune,” “active stroma” and “mixed type” subtypes based on the NTP method using gene templates established from stromal and immune compartments. The active immune and active stroma groups share similar characteristics with typically defined “hot tumors” and “cold tumors,” respectively. Hot tumors are characterized by a high degree of T cell and cytotoxic T cell infiltration and the overexpression of immune checkpoints such as PD-1, PD-L1, and LAG3 compared with cold tumors (56, 57). These identified subsets exhibited a distinct immune context, prognosis, and immunotherapy benefit, which supports the idea that the immune environment is of vital importance in predicting patient prognosis and evaluating the response rate of checkpoint inhibitor immunotherapies.

Genomic analysis revealed a distinct mutation and copy number change landscape. Patients in the active immune group exhibited a higher TMB, a lower copy number burden and enriched mutations that correlated with local immune cytolytic activity compared with those in the active stroma group. A significant negative correlation between TMB and the copy number alteration level has been observed in colorectal cancer (58). Ciriello et al. categorized colorectal cancer as an M class that was characterized by recurrent mutations other than recurrent copy number alterations, and McGrail et al. showed that neoantigen levels were predictive of cytotoxic T lymphocyte (CTL) infiltration (59, 60). However, Davoli et al. showed that arm/chromosome SCNAs provided a larger contribution to the immune signature than the total number of mutations, and the focal SCNA level failed to be selected for the prediction model. Immune cell infiltration mainly driven by mutations or copy number alterations is still a controversial issue. Our identified immune subtypes attached importance to focal number alterations. Nevertheless, these results revealed that distinct immunologic phenotypes have distinct genomic features (61).

Distinct immune cell infiltration patterns revealed a distinct tumor escape mechanism (62) and a remarkable difference in the prognosis of colorectal cancer (63).

The systematic analysis underscored the role of NF-kB pathway activation in leading low immune infiltration. Taken together, our results provide a systematic analysis of the biological changes in the epithelial and stromal compartments of colorectal cancer. Immunotherapy for colorectal cancer is approved only for microsatellite instability-high (MSI-H) patients, which comprise only a small subset (64), by the Food and Drug Administration (FDA). Since the TMB level of colorectal cancer ranks higher than that in other cancers (e.g., TCGA pan-cancer) (65), we have good reason to believe that the prospects for immunotherapy in colorectal cancer are optimistic. Strategies that block the NF-kB pathway might turn an active stroma compartment into an active immune compartment, thus increasing the opportunity for a response to ICB treatment and improving survival. The close interplay between intrinsic traits (mutation landscape and copy number alterations) and extrinsic characteristics (infiltrated immune cells) in our identified immune subtypes and their different tendencies toward the ICB treatment response might help guide immunotherapy decisions in colorectal cancer.
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Figure S1. Representative histopathological images of enrolled samples and the schematic diagram of manual microdissection. Representative histopathological image in hematoxylin-eosin staining of colorectal cancer tissue (A) in x100 and adjacent normal tissue (B) in 100x enrolled in this study (left) and the selected stromal compartment subjected to microdissection is noted in black circle (right).

Figure S2. Immune cell infiltration pattern in the epithelium and stroma of colorectal cancer and adjacent normal tissues and weighted gene coexpression network construction and evaluation. (A) Unsupervised hierarchical clustering analysis of the MCP-counter quantified immune scores in microdissection-processed colorectal cancer and adjacent normal tissues. The cluster distance was calculated with the Ward.D2 method. (B) Volcano plot showing immune cell enrichment differences between the normal stroma and tumor stroma. The Wilcoxon rank-sum test was used to compare differences, and the BH method was adopted to adjust P-values. (C) Scale-free fit index (left) and network mean connectivity (right) for various soft-thresholding powers. Red line in left plot indicates the predefined high value which is 0.9. Here, we choose the power 10 as the soft-thresholding power, which is the lowest power before the scale-free topology fit index curve reaching the predefined high value. (D) The scale-free plot indicates that our constructed network has a power-law degree distribution. (E,F) Network visualization of the selected gene template in the brown (E) and yellow (F) modules identified by WGCNA.

Figure S3. Identification of immune subtypes with distinct immune contexts and immunotherapeutic responses. (A) Heat map of the functional signature genes and immune cell infiltration extent across immune subtypes in the GSE39582 cohort. The immune cell infiltration score was generated by MCP-counter. The TME subtype, CMS subtype, MSI status, tumor site, stage, sex, and RFS are annotated in the lower panel. (B) SubMap analysis of the GSE39582 cohort and four independent preimmunotherapeutic treatment datasets. The active stroma subtype shares high similarity with the immunotherapeutic resistance class in the GSE78220 and IMvigor210 cohorts, while the active immune subtype shares high similarity with the immunotherapeutic response class in the GSE35640 and GSE63557 cohorts, and the mixed type is not associated with either responders or non-responders. The colors labeled in each cell reflect the P-values for each subclass association. A.I., A.S., and M.T. represent the active immune, active stroma and mixed type, respectively. (C) Distribution of tumor purity across immune subtypes in the TCGA-COADREAD (left) and GSE39582 (right) cohorts in which ns represents no significant difference been detected. (D) Box plot of prognostic genes in the POPLAR study, with expression profiling among the immune classes. The gene expression level was normalized by log2 (TPM+1) transformation. The statistical significance of pairwise comparisons is annotated with symbols in which ns, *, **, ***, and **** represent not significant (P > 0.05), P ≤ 0.05, P ≤ 0.01, P ≤ 0.001, and P ≤ 0.0001, respectively. (E) Alluvial diagram showing associations among the TME subtype, CMS subtype and MSI status. (F) Distribution of the estimated IC50 of 5-Fluorouracil and Cisplatin among the TME subtypes in GSE39582 cohort. The statistical significance of pairwise comparisons is annotated with symbols in which *, **, and **** represent P > 0.05, P ≤ 0.01, and P ≤ 0.0001, respectively. A.I., A.S., and M.T. represent the active immune, active stroma and mixed type, respectively. The Wilcoxon rank-sum test was used for comparisons between two groups, and the Kruskal–Wallis test was used for comparisons between more than two groups (C,D,F).

Figure S4. Focal alterations in the active stroma and mixed type groups. (A) Detailed focal amplification (left) and focal deletion (right) in the active immune group generated with GISTIC_2.0 software. (B) Detailed focal amplification (left) and focal deletion (right) in the mixed type group generated with GISTIC_2.0 software.

Table S1. Clinical characteristics of enrolled samples in WGCNA analysis.

Table S2. Top 8000 genes with highest standard deviation in microdissection microarray.

Table S3. Gene Ontology-Biology process enrichment analysis of selected four module.

Table S4. Subtype template genes.

Table S5. Gene Set Enrichment Analysis of hallmark geneset derived from Molecular Signatures Database (MSigDB) in active immune and active stroma class.

Table S6. Nearest template prediction analysis on TCGA COAD-READ cohort and GSE39582 cohort.

Table S7. Wilcox test analysis on identified significant mutated genes between active stroma and active immune class.

Table S8. Tumor mutation burden and copy number burden among TME subtype.

Table S9. Tumor purity in TCGA COAD-READ cohort and GSE39582 cohort.

Table S10. Paired comparison detail among immune subtypes.

Table S11. Dataset and gene sets enrolled in this study.
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Triple-negative breast cancer (TNBC) is a difficult-to-treat disease with high rates of local recurrence, distant metastasis, and poor overall survival with existing therapies. Thus, there is an unmet medical need to develop new treatment regimen(s) for TNBC patients. An oncolytic herpes simplex virus encoding a master anti-tumor cytokine, interleukin 12, (designated G47Δ-mIL12) selectively kills cancer cells while inducing anti-tumor immunity. G47Δ-mIL12 efficiently infected and killed murine (4T1 and EMT6) and human (HCC1806 and MDA-MB-468) mammary tumor cells in vitro. In vivo in the 4T1 syngeneic TNBC model, it significantly reduced primary tumor burden and metastasis, both at early and late stages of tumor development. The virus-induced local and abscopal effects were confirmed by significantly increased infiltration of CD45+ leukocytes and CD8+ T cells, and reduction of granulocytic and monocytic MDSCs in tumors, both treated and untreated contralateral, and in the spleen. Significant trafficking of dendritic cells (DCs) were only observed in spleens of virus-treatment group, indicating that DCs are primed and activated in the tumor-microenvironment following virotherapy, and trafficked to lymphoid organs for activation of immune cells, such as CD8+ T cells. DC priming/activation could be associated with virally enhanced expression of several antigen processing/presentation genes in the tumor microenvironment, as confirmed by NanoString gene expression analysis. Besides DC activation/priming, G47Δ-mIL12 treatment led to up-regulation of CD8+ T cell activation markers in the tumor microenvironment and inhibition of tumor angiogenesis. The anti-tumor effects of G47Δ-mIL12 treatment were CD8-dependent. These studies illustrate the ability of G47Δ-mIL12 to immunotherapeutically treat TNBC.
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INTRODUCTION

Breast cancer is one of the most prevalent malignancies and the second most common cause of death among women in the United States (1). Almost 15 to 20% of breast cancer cases are classified as triple negative breast cancer (TNBC) variants, which lack the expression of estrogen and progesterone receptors, and human epidermal growth factor receptor 2 (HER2) proteins on tumor cells (2). Tumor recurrence, metastasis to other vital organs, and high heterogeneity are considered hallmarks of TNBC variants (3). Since TNBC does not express hormone receptors, the current treatment for TNBC mainly relies on surgery and chemotherapy; targeted therapy, such as hormone-based treatments or HER2 antagonists, is not a treatment option (4). Moreover, TNBC initially responds well but often develops resistance against chemotherapy (5), which underscores the need for developing novel therapeutic modalities that efficiently cure TNBC in patients.

Oncolytic viruses (OVs) (6), such as oncolytic herpes simplex viruses (OHSVs) are a promising therapeutic strategy for cancer treatment (7, 8). OHSVs are defined as genetically modified OVs that preferentially replicate in and kill tumor cells without harming normal cells (6). They have been established as strong in situ anticancer vaccines that activate antigen presenting cells (APCs), enhance APC-mediated tumor cell phagocytosis, augment antigen processing and presentation, and prime T cell responses (9). OHSVs have been successfully transitioned into clinical trials against various human cancers, including melanoma, glioma, pancreatic, and breast cancers (7, 8). In 2015, the U.S. Food and Drug Administration (FDA) approved the first OHSV (designated T-VEC) for the treatment of advanced melanoma in the United States. T-VEC is a genetically engineered OHSV expressing human granulocyte-macrophage colony-stimulating factor (hGM-CSF) (10), and is the furthest along in the clinic for cancer treatment (10). The safety and efficacy of T-VEC (as a monotherapy or combination therapy with paclitaxel) in TNBC patients is under clinical trial evaluation (8, 11, 12). However, T-VEC has not demonstrated durable responses in a majority of advanced melanoma patients (10), especially those with visceral metastases (13), which raises questions about its possible long-term efficacy in TNBC patients with metastatic disease.

G47Δ-mIL12 (14) is a genetically engineered OHSV that has similar genetic modifications to T-VEC (15, 16) but contains an extra safety feature [i.e., ICP6 inactivation that restricts OHSV replication to cancer cells (16)] and expresses murine Interleukin 12 (IL-12) (instead of GM-CSF). Upon infection of tumor cells, G47Δ-mIL12 releases a significant amount of IL12 (14), a master regulator of antitumor immunity, that enhances activation of dendritic cells and T lymphocytes, induces IFN-γ production, and inhibits angiogenesis (17–19). Previous reports affirm G47Δ-mIL12 as a potent oncolytic viral therapy for glioblastoma (14) and malignant peripheral nerve sheath tumors (20).

In this study, we have chosen to evaluate the therapeutic efficacy of G47Δ-mIL12 in a 4T1 tumor model, which is an immune-competent, highly tumorigenic, and invasive mouse mammary carcinoma that can spontaneously metastasize from the primary tumor in the mammary gland to multiple distant sites, such as lung (21). In addition, 4T1 serves as a model for stage IV of advanced breast cancer in humans. We found that G47Δ-mIL12 efficiently infected and eliminated both murine and human TNBC cells in vitro. In vivo, G47Δ-mIL12 treatment effectively inhibited 4T1 tumor growth, both primary and contralateral, and prevented metastasis to the lungs, which were associated with an enhanced APC activation, increased intratumoral CD8+ T-cell infiltration with subsequent reduction in myeloid-derived suppressor cells (MDSCs), and inhibition of angiogenesis. G47Δ-mIL12 exerted its anti-TNBC effects in a CD8+ T cell-dependent manner. These studies establish G47Δ-mIL12 virus as a powerful oncolytic immunotherapeutic agent for TNBC.



MATERIALS AND METHODS


Cells and Viruses

Mouse (4T1 and EMT6) and human (HCC1806 and MDA-MB-468) mammary tumor cells were purchased from American Type Culture Collection (ATCC) and grown in Dulbecco's Modified Eagle Medium (DMEM) (ThermoFisher Scientific) supplemented with 10% heat-inactivated fetal bovine serum (HyClone), 2 mM L-glutamine (Corning), 1% MEM non-essential amino acids (Gibco), 1% sodium pyruvate (Gibco), and 0.5% penicillin G-streptomycin sulfate-amphotericin B complex (Corning). Cells were trypsinized with 0.05% trypsin supplemented with 0.54 mM EDTA (Corning) for passaging. Cells were low-passage and confirmed to be mycoplasma-free (LookOut mycoplasma kit, Sigma).

G47Δ-mIL12, an oHSV encoding IL-12, was constructed from G47Δ [containing deletions in α47 and γ34.5 genes and an inactivating insertion of Escherichia Coli LacZ into ICP6 (22)] by insertion of mouse IL-12 cDNA (p35 and p40 units are separated by two bovine elastin motifs) into the ICP6 gene (14). G47Δ-mCherry was described previously (14). Prior to in vitro and in vivo studies, the titers of infectious G47Δ-mIL12 virus were determined by plaque assay on Vero cells (14).



Mice

Female BALB/c mice (aged 8–9 weeks) were obtained from the Jackson laboratory (Bar Harbor, ME) and utilized for all in vivo mouse studies involving the 4T1 mammary tumor cell line (21). Mice were housed at the Texas Tech University Health Sciences Center (TTUHSC) Laboratory Animal Resources Center (LARC)-Abilene under BSL2 conditions. All mouse procedures were approved by the Institutional Animal Care and Use Committee (IACUC) at the TTUHSC.



Cell Viability Assay

Mouse and human mammary tumor cells were dissociated and seeded into 96-well plates (3,000 cells per well for mouse lines and 10,000 cells per well for human lines), treated with G47Δ-mIL12 at the indicated multiplicity of infection (MOI), incubated at 37°C for up to 72–96 h and CellTiter96 AQueous One Solution Cell Viability (MTS) Assays (Promega) performed according to the manufacturer's instructions. Values for virus-infected cells were normalized to those for mock-infected cells (percent cell viability). The experiments were performed in triplicate and repeated at least 2–4 times. Dose response curves and IC50 values were calculated using Prism 7 GraphPad software version 7.0e.



Tumor Immunotherapy With G47Δ-mIL12 at Early-Stages of Tumor Development

Mice were implanted subcutaneously (s.c.) with 1 × 105 4T1 tumor cells into the mammary fat pad to generate orthotopic breast tumors. When tumors were palpable and reached 50-70 mm3 in tumor volume, mice were randomly divided into groups and intratumorally (i.t.) treated with G47Δ-mIL12 (in 25 μl PBS) or PBS on days 6, 9, 12, 15, and 18 post-tumor implantations. Tumors were measured at regular intervals with a digital caliper throughout the course of the experiment. The tumor volume was calculated using the following formula: (length x width x depth)/2.



Tumor Immunotherapy With G47Δ-mIL12 at Late-Stages of Tumor Development

Orthotopic 4T1 tumors were established bilaterally in the right and left axillary mammary fat pads (1 × 105 cells per mammary pad) on day 0. When tumors reached between 100–125 mm3 in volume, tumors located at the right axillary mammary fat pad were intratumorally injected with PBS or G47Δ-mIL12 on days 10, 13, 16, and 19, while the tumors at the left axillary mammary fat pad remained untreated and served as contralateral tumors. Tumor volumes (treated and untreated) were periodically measured by caliper, and mice were followed for survival until they become moribund or tumors reached to their burden limit, i.e., 1.5 cm in size.



Metastatic Tumor Study

4T1 tumor cells (1 × 105) were implanted s.c. into the mammary fat pad and treated i.t. with G47Δ-mIL12 or PBS as described above in “Tumor immunotherapy with G47Δ-mIL12 at early-stages of tumor development” section. Mice were sacrificed on day 21 post-tumor implantation, and lungs were isolated and fixed in Bouin's fixative solution (23). Twenty-four hours post-fixation, Bouin's solution was replaced by 70% ethanol and the number of lung surface metastatic nodules were counted with a Nikon Stereo Microscope with Plan APO 1x WD70 objective (23). Images for lung surface metastatic nodules were captured by Motic FEIN OPTIC SMZ-168 stereo microscope connected with a ToupTek digital camera.



Immune Cell Depletion Studies

4T1 tumor cells (1 × 105) were implanted s.c. into the mammary fat pad and treated with G47Δ-mIL12 or PBS injected i.t. on days 8, 11, 14, and 17 post-tumor implantations. For CD8+ cell depletion, mice were injected intraperitoneally (i.p.) with anti-CD8a antibodies (clone 2.43, 10 mg/kg, BioXCell) (24) or isotype control rat IgG2b antibodies specific to keyhole limpet hemocyanin (clone LTF-2, 10 mg/kg, BioXCell) (24) on days−4 and−1 prior to tumor implantation and on days 4, 8, 12, and 16 post-tumor implantation (25). Three groups of mice were included in CD8+ immune cell depletion studies: group 1 received PBS + IgG2b, group 2 received G47Δ-mIL12 + IgG2b, and group 3 received G47Δ-mIL12 + anti-CD8a. The concurrent tumor load study was performed as described above in this methods section. Mice were monitored for ill health and euthanized before becoming moribund. Tumor free survival curves were generated for the day each mouse reached its tumor burden limits, i.e., a maximum diameter of 15 mm.



Multi-Color Flow Cytometry

For multi-color flow cytometric analysis (FACS), mammary tumor tissues were harvested and minced, and single-cell suspensions prepared by incubation of minced tissues in RPMI 1640 medium containing 10 mg/mL Collagenase (Roche), 0.4mg/mL DNase I (Roche), and 100 μg/mL Trypsin inhibitor (Sigma) for 30 min at 37°C. Enzymatic digestion was stopped by adding RPMI containing 10% fetal bovine serum (FBS; Corning), triturated, passed through a 70-μm cell strainer, washed twice with PBS, resuspended in FACS buffer, and counted using Vi-CELL XR Cell Viability Analyzer (Beckman Coulter). The samples were pre-incubated with purified anti-CD16/32 unconjugated antibody (clone 93) to block Fc receptors prior to surface staining with fluorochrome-conjugated anti-mouse monoclonal antibodies, which include: Brilliant Violet 605 anti-mouse CD45 (clone 30-F11), Alexa Fluor 700 anti-mouse CD3 (clone 17A2), PerCP/Cyanine5.5 anti-mouse CD4 (clone GK1.5), PE/Cy7 anti-mouse CD8a (clone 53-6.7), PE anti-mouse CD86 (clone GL-1), PerCP/Cyanine5.5 anti-mouse F4/80 (clone BM8), APC/Cyanine7 anti-mouse CD11c (clone N418), Alexa Fluor 700 anti-mouse/human CD11b (clone M1/70), Brilliant Violet 570 anti-mouse Ly6G (clone 1A8), PE/Cy7 anti-mouse Ly6C (clone HK1.4), APC anti-mouse CD274 (clone 10F.9G2), and Brilliant Violet 650 anti-mouse I-A/I-E (clone M5/114.15.2), as well as appropriate isotype control antibodies, as described (24, 26). All antibodies were purchased from Biolegend. Fixable Viability Dye eFluor 506 (eBioscience) was used to stain dead cells as per manufacturer instructions. Intracellular FOXP3 staining was performed using PE-conjugated anti-mouse FOXP3 antibody (clone MF-14, Biolegend) following the FOXP3 intracellular staining protocol (eBioscience). For multi-color FACS staining of spleens and tumor-draining lymph nodes, single cell suspensions from these organs were prepared as described (14) and stained as above. Fluorescent minus one (FMO) controls were included for each color-conjugated anti-mouse antibody, e.g., fluorescent minus F4/80 means staining cells with all colors except PerCP/Cyanine5.5 anti-mouse F4/80 (24). UltraComp eBeads (eBioscience) were used to prepare single-color compensation controls for each fluorescently conjugated antibody according to manufacturer instructions (26). Single-cell suspensions from harvested tissues were used to prepare a single-color compensation control for fixable viability dye eFluor 506. Data were acquired on BD Fortessa and analyzed with FlowJo software version 10.6.1 (Tree Star). Scientific personnel involved in acquiring and gating the data was blinded to the treatments.



Indirect Immunofluorescence Staining

Mammary tumor tissues were harvested, snap-freezed in Tissue-Tek O.C.T. compound (Sakura), 5 μm cryostat sections prepared, fixed in methanol for 10 min at −20°C, sections dried at −20°C for 30 min followed by drying by hair dryer for 5 min at room temperature, and rehydrated in DPBS for 5 min. Rehydrated sections were blocked by incubation with 1% bovine serum albumin (BSA) diluted in DPBS for 30 min at room temperature. Sections were then incubated overnight with a purified rat anti-mouse CD31 antibody (clone MEC 13.3, BD Pharmingen; 1:50 dilution in 0.1% BSA/DPBS) at 4°C in a humidified chamber. Following three washes in DPBS+0.1% Tween 20 (5 min each), sections were incubated with goat anti-Rat IgG (H+L) cross-adsorbed secondary antibody conjugated with alexa fluor 488 (Invitrogen; 1:200 dilution in 0.1% BSA/DPBS) for 45 min at room temperature protected from light, followed by 3 times wash with DPBS+0.1% Tween 20, and nuclear counterstained with Fluoro-Gel II with DAPI (Electron Microscopy Sciences). Sections (3–5 random fields/tumor section, n = 4 or 5 mice/group) were imaged at 20x magnification with a Nikon fluorescent microscope. ImageJ software (NIH) was used to quantify the CD31+ areas. Scientific personnel involved in acquiring fluorescent images and ImageJ analysis was blinded to the treatments.



Nano String Gene Expression Analysis

BALB/c mice were bilaterally implanted with 4T1 tumor cells (1 × 105) in left and right axillary mammary fat pads. Tumors (~125 mm3) in the right fat pad were treated with PBS or G47Δ-mIL12 on indicated days, whereas tumors in the left mammary pads were left untreated. Tumor tissues were harvested at indicated time points and gene expression analysis performed using the NanoString PanCancer Immune Profiling Panel as previously described (27). In brief, 100 ng of total RNA per sample was mixed with a 3′-biotinylated capture probe and a 5′-reporter probe tagged with a fluorescent barcode from the custom gene expression code set. Probes and target transcripts were hybridized at 65°C for 16 h. Hybridized samples were run on the prep station platform as recommended by the manufacturer's protocol. The samples were scanned at maximum scan resolution on the nCounter Digital Analyzer. Data were processed using nSolver Analysis Software and the nCounter Advanced Analysis module. For gene expression analysis, data were normalized using the geometric mean of housekeeping genes selected by the GeNorm algorithm. Gene expression signatures were analyzed using Nsolver advanced analysis software (4.0) according to the manufacturer's guidelines. For heatmap generation, normalized data were scaled, and average linkage performed using cluster 3.0, and heat maps were generated using JavaTree.



Statistical Analysis

All statistical analysis was done with Prism 7 GraphPad software version 7.0e. To compare tumor growth kinetics, unpaired 2-tailed student t-test was performed on mean tumor volumes at indicated time points. For comparison of immune cells infiltrate data, unpaired student t-test was applied. Survival data were analyzed by Kaplan-Meier survival curves and comparisons were performed by Log Rank test. P values of < 0.05 were considered statistically significant.




RESULTS


G47Δ-mIL12 Efficiently Kills Murine and Human Breast Cancer Cells

In vitro, the G47Δ virus (our base OHSV with no IL-12 expression) efficiently kills human breast cancer cells with no observable cytotoxicity in normal breast cells even after 5 days of infection (28). It was previously demonstrated that that G47Δ-mIL12 (OHSV with IL12 expression) efficiently infects and kills syngeneic mouse brain tumor cells (14, 29) while releasing IL-12 in culture supernatants (14). Here, we tested the entry and sensitivity of 4T1 mouse mammary carcinoma cells to G47Δ-mCherry (an OHSV with fluorescent reporter mCherry expression) and G47Δ-mIL12, respectively. G47Δ-mCherry efficiently enters into 4T1 cells (Figure 1A) and induces cytopathic effects 24 hours after virus treatment (Figure 1B), not seen in untreated 4T1 cells (Figure 1C). G47Δ-mIL12 efficiently kills 4T1 murine TNBC cells (Figure 1D) with an IC50 = MOI ~ 0.8, which is comparable to our previous cytotoxicity studies in syngeneic mouse glioblastoma (GBM) models (14, 29). The cytotoxic activity of G47Δ-mIL12 (IC50 ~ 0.5) was confirmed in a second murine breast cancer model, EMT6 (Figure 1D). Similar to murine TNBC cells, the cytotoxic activity of G47Δ-mIL12 treatment is also efficient in human TNBC cells with IC50s of 0.15-0.25 (Figure 1E). These studies show that G47Δ-mIL12 can exhibit oncolytic effect both in mouse and human TNBC cells in vitro.


[image: Figure 1]
FIGURE 1. (A–D) G47Δ-mIL12 efficiently infects and kills murine breast cancer[[Inline Image]] cells. (A–C) 4T1 murine TNBC cells treated with G47Δ-mCherry (MOI = 1.0) or PBS and imaged at 24 hours post-treatment. mCherry red fluorescence image (in A) shows virus infection and phase contrast image (in B) shows round cytopathic cells following virus treatment. PBS treated 4T1 tumor cells were served as controls (in C). (D) Dose-response curves of G47Δ-mIL12 in 4T1 (left panel) and EMT6 (right panel) murine breast cancer models at 3 and 4 days post-treatment, respectively, as measured by MTS assay (Promega). (E) G47Δ-mIL12 efficiently kills human TNBC cells. Dose-response curve of G47Δ-mIL12 in HCC1806 (left panel) and MDA-MB-468 (right panel) TNBC cells at 4 days post-treatment, as measured by MTS assay. Mean ± SEM. Each graph represents an average of 2–4 experiments performed in triplicate.




G47Δ-mIL12 Treatment Controls TNBC Growth and Inhibits Metastasis

To test the therapeutic effects of G47Δ-mIL12 on tumor burden and metastasis, 4T1 TNBC cells (1 × 105) were implanted subcutaneously into the mammary fat pad of BALB/c mice. When tumors reached ~70 mm3 in size, mice were treated with intratumoral injections of PBS or G47Δ-mIL12 (2 x 106 PFU) on days 6, 9, 12, 15, and 18 (see schema in Figure 2A). G47Δ-mIL12 therapy significantly controlled the tumor growth compared to controls (P = 0.0003 at day 10, P ≤ 0.0001 at day 13, P ≤ 0.0001 at day 16, P = 0.0045 at day 18, P = 0.0082 at day 21; Figure 2B). Because metastasis is associated with a poor survival outcome in patients with TNBC (30), we ought to determine whether G47Δ-mIL12 treatment can inhibit metastasis. Three days after the last treatment (i.e., day 21), lungs were fixed in Bouin's fixative (23), and the number of metastatic nodules counted with a stereomicroscope (23). We observed that G47Δ-mIL12 oncolytic virus therapy significantly inhibited the metastatic ability of 4T1 tumor cells, as demonstrated by an almost 3-fold reduction in surface metastatic colonies in lungs (P = 0.0003 vs. PBS control; Figures 2C,D). Overall, these studies illustrate the ability of G47Δ-mIL12 virus therapy to effectively control primary and metastatic diseases associated with TNBC.


[image: Figure 2]
FIGURE 2. (A-D) G47Δ-mIL12 controls primary TNBC growth and inhibits metastasis in an orthotopic 4T1 mouse mammary carcinoma model. (A) Experimental schema. 1 × 105 viable 4T1 cells in 100 μl PBS were injected into the right axillary mammary fat pad of female BALB/c mice. G47Δ-mIL12 (2 × 106 PFU diluted in 25 μl PBS) or PBS injected intratumorally on day 6 (when tumors reached ~70 mm3), 9, 12, 15, and 18. Tumor volumes were measured every 2–3 days. (B) Tumor growth kinetics. Mean tumor volume of PBS injected tumors was compared to mean tumor volume of G47Δ-mIL12 injected tumors from day 10 to day 21. (C) Representative images of lungs. Mice from experiment 2B were euthanized on day 21 and lungs were fixed in Bouin's fixative and imaged at 24 hours post-fixation. Red asterisk indicates metastatic nodules at higher magnification in insets. (D) Total number of lung surface metastatic nodules counted with a stereo microscope. Mice from experiment 2B. Data presented by combining two independent experiments (n = 12 mice/group) and each experimental data are indicated by round- and square-shaped symbols. Mean ± SEM. Unpaired Student's t-test (two-tailed), **P ≤ 0.01, ***P ≤ 0.001, ****P ≤ 0.0001; d.p.i., days post-tumor implantation. (E-H) G47Δ-mIL12 treatment controls growth of treated and untreated contralateral tumors at late-stage of tumor development and extends survival. (E) Experimental schema. Orthotopic 4T1 tumors were established bilaterally in the right and left axillary mammary fat pads (1 × 105 cells per mammary pad) on day 0. When tumors reached between 100 and 125 mm3 in volume, tumors located at the right axillary mammary fat pad intratumorally injected with PBS (n = 6) or G47Δ-mIL12 (106 pfu/injection) (n = 8) on days 10, 13, 16, and 19, and the tumors at the left axillary mammary fat pad remained untreated and served as contralateral tumors. Tumor volumes periodically measured by caliper and mice were followed for survival until they become moribund or until tumors reached to their burden limit, i.e., 1.5 cm in size. (F, G) Tumor growth kinetics of treated and untreated contralateral tumors. Mean tumor volume of PBS treatment group was compared to mean tumor volume of G47Δ-mIL12 treatment group on day 16 and 19 by Unpaired Student's t-test (two-tailed). *P ≤ 0.05, **P ≤ 0.01. (H) Kaplan-Meier survival curve. Median survival of mice treated with G47Δ-mIL12 (27.5 days; 25% of mice surviving until the end of experiment on day 36) was compared to median survival of mice treated with PBS (23 days; P = 0.0001) by Log Rank test. ****P ≤ 0.0001. d.p.i., days post-tumor implantation.


To determine anti-cancer effects of oncolytic virotherapy at late stages of tumor development, 4T1 tumor cells were implanted bilaterally in the mammary fat pad. When tumors reached ~100–125 mm3 in size, tumors on the right axillary mammary fat pad were treated with PBS or G47Δ-mIL12 on indicate days, while the tumors at the left axillary mammary fat pad remained untreated and served as contralateral tumors (Figure 2E). We observed that G47Δ-mIL12 treatment effectively and significantly controlled the growth of both treated and untreated tumors at late-stages of tumor development (Figures 2F,G), leading to significant extension of survival with 25% mice surviving long-term compared to PBS treatment group (Figure 2H).



G47Δ-mIL12 Induces Local and Abscopal Immune Effects

To understand the role of different immune cell populations contributing to G47Δ-mIL12-mediated control of tumor growth and metastasis, orthotopic 4T1 tumors were established bilaterally in right and left axillary mammary fat pads of BALB/c mice. Due to the sample's scarcity for downstream applications, inoculated tumors were allowed to grow between 100 and 125 mm3. Tumors located at the right axillary mammary fat pad were treated with intratumoral injections of PBS or G47Δ-mIL12 on days 10, 13, 16, and 19, whereas tumors at the left axillary mammary fat pad remained untreated. To evaluate virus-induced abscopal effects and immune responses, treated tumors, contralateral tumors, and the spleens were harvested on day 21 and subjected to multicolor flow cytometry for immune cell analysis. First, we selected the CD45 surface marker to distinguish CD45- tumor cells from CD45+ hematopoietic immune cells by adopting a specific gating strategy (Supplementary Figure 1). G47Δ-mIL12 treatment resulted in following immune cell alterations in both local (treated) and contralateral (untreated) tumors and spleens that included: (1) significantly increased infiltration of CD45+ immune cells in treated and contralateral tumors (P ≤ 0.05 vs PBS; Figure 3A), (2) further characterization of CD45+ cells revealing a significant increase in infiltration of CD8+ T lymphocytes, but not CD4+ T cells (except spleen), in both tumor lesions and spleens (P ≤ 0.05 vs. PBS; Figures 3B,C), (3) significantly reduced macrophages and both granulocytic and monocytic MDSCs in both tumor lesions (Figures 3D–F), and (4) significant reduction of regulatory T cells (CD4+FoxP3+) observed in tumor draining lymph nodes from G47Δ-mIL12 treated mice (Figure 3G), which suggests G47Δ-mIL12-induced beneficial systemic immune responses. As expected, we have observed a significantly higher infiltration of CD45+ cells in virus-treated tumors as compared to untreated contralateral tumors, while no significant differences were observed in other immune cell population between virus treated and untreated tumors (Supplementary Figure 2). While CD8+ T cells are an important contributor in inducing effector anti-tumor immunity, MDSCs can inhibit adaptive anti-tumor immunity and are an obstacle to cancer immunotherapies (31). Thus, enhanced CD8+ T cell infiltration and reduced MDSC populations in treated and untreated tumor lesions due to virus treatment clearly show the ability of G47Δ-mIL12 to induce beneficial anti-tumor immune effects (local and abscopal), which could play a critical role in inhibiting primary and metastatic TNBC (Figure 2).
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FIGURE 3. G47Δ-mIL12 induces local and abscopal immune responses. Orthotopic 4T1 tumors were established bilaterally in the right and left axillary mammary fat pads (1 × 105 cells per mammary pad) on day 0. When tumors reached 100–125 mm3 in volume, tumors located at the right axillary mammary fat pad intratumorally treated with PBS or G47Δ-mIL12 (106 pfu/injection) on days 10, 13, 16, and 19, and the tumors at the left axillary mammary fat pad remained untreated (n = 4 mice/group). On day 21, primary treated tumors, contralateral tumors, spleens and tumor draining lymph nodes (TDLNs) were harvested and subjected to multicolor flow cytometry as described in section Materials and Methods. Tumor infiltrating immune cells were gated based on gating strategy as presented in Supplementary Figure 1. (A–F) Frequencies of live CD45+ cells (A), live CD3e+CD4+ T cells (B), live CD3e+CD8a+ T cells (C), live CD45+F4/80+ macrophages (D), live polymorphonuclear MDSCs (CD11b+Ly6C−Ly6G+) (E), and mononuclear MDSCs (CD11b+Ly6G−Ly6C+) (F) in treated tumors (panels in upper row), contralateral tumors (panels in 2nd row), and spleens (panels in 3rd row). (G) Frequencies of live CD45+ cells, live CD3e+CD4+ T cells, live CD3e+CD8a+ T cells, and CD3e+CD4+FoxP3+ regulatory T cells (Tregs) in tumor draining lymph nodes (TDLNs; panels in bottom row). Mean ± SEM. Statistically significant differences between groups are reported as P-values in the figures. Statistical significance was assessed by Student's t test. *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001; ns, not significant.




G47Δ-mIL12 Treatment Leads to DC Maturation and T Cell Activation in vivo

OVs have been established as strong in situ anti-cancer vaccines (9, 14, 24, 29, 32) that activate antigen presenting cells (APCs), augment antigen processing and presentation, and prime CD8+ T cell responses (9). We observed no significant changes in dendritic cell (DC) population in virus-treated tumor lesions (Figure 4A). However, G47Δ-mIL12 treatment led to significant trafficking of DCs in the spleens of treated mice versus PBS control group (Figure 4A), indicating that DCs primed in the tumor microenvironment following virus treatment likely trafficked to lymphoid organs for antigen presentation to immune cells such as CD8+ T cells (Figure 3C). Spleen-localized DCs were overwhelmingly in a mature APC state based on significant expression of the activation marker CD86 in virus-treated group versus the PBS control group (Figure 4A), which is critical for T cell activation (33). Nano String gene expression analysis further confirmed upregulation of genes involved in DC maturation (e.g., ITGAX, CD40), DC-specific co-stimulatory signaling (CD83, CD86, BTLA, ICOS, ICOSL) and CD8+ T cell activation (CD3e, CD8α, Granzyme B, and IFN-γ) (34) (Figures 4B,C). Gene expression analysis also revealed enhanced expression of antigen processing/presentation genes (e.g., H2-Ab1, H2-Eb1, H2-Aa, H2-k1, H2-T23, H2-D1, H2-DMa, H2-Q2, H2-Ea-ps) in virus injected tumor lesions (Figure 4D), suggesting virus-induced DC priming and activation, and enhanced antigen presentation. Altogether, these data establish the ability of our G47Δ-mIL12 virus to induce efficient in situ vaccine effects in promoting DC maturation and antigen presentation that eventually could be responsible for promoting CD8+ T cell responses in virus-injected and non-injected tumor lesions.
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FIGURE 4. G47Δ-mIL12 treatment leads to DC maturation and T cell activation in vivo. (A) Frequencies of CD45+CD11b+CD11C+ DCs in treated, untreated contralateral tumors and spleen (left panel), and mean fluorescent intensity (MFI) of activated DCs (CD11b+CD11c+CD86+) in spleen (right panel). Same experiment as in Figure 3 (n = 4/group). Mean ± SEM. Statistically significant differences between groups are reported as P-values in the figures. Unpaired Student's t test (two-tailed), **P < 0.01, ***P < 0.001; ns, not significant. (B–D) BALB/c female mice were implanted with 4T1 tumor cells (1 × 105 cells) in the right axillary mammary fat pad and treated with PBS (n = 3) and G47Δ-mIL12 (n = 3) (106 pfu/injection) on days 10, 13, 16, and 19 (as in Figure 3). Primary tumor tissues were harvested on day 21, RNA isolated, and Nano String gene expression analysis performed using the PanCancer Immune Profiling Panel kit as described in section Materials and Methods. mRNA levels of genes associated with DC maturation (ITGAX, CD40) and DC-specific co-stimulatory signaling (CD83, CD86, BTLA, ICOS, ICOSL) are presented in B, genes associated with CD8+ T cell activation (CD3e, CD8α, Granzyme B, and IFN-γ) are presented in (C), and genes involved in antigen processing and presentation are presented as a heat map in D. Mean ± SEM. Statistically significant differences between groups are reported as P-values in the figures. Statistical significance was assessed by Unpaired Student's t test (two-tailed). *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001; ns, not significant.




G47Δ-mIL12 Treatment Induces Anti-angiogenic Effects in vivo

Interleukin 12 (IL-12) is an anti-angiogenic cytokine (19). IL-12 elicits its anti-anti-angiogenic effects through release of IFN-γ, which activates IFN-inducible protein 10 [IP-10 or CXC chemokine ligand (CXCL) 10], a chemokine that mediates chemotaxis of lymphocytes and angiostatic effects (19, 35, 36). It was previously demonstrated that G47Δ-mIL12 treatment can inhibit angiogenesis (14). In order to determine whether viral expression of IL-12 (i.e., G47Δ-mIL12) can induce any anti-angiogenic effects in murine TNBC model, 4T1 TNBC cells (1 × 105) were implanted subcutaneously into the mammary fat pad of BALB/c mice, and treated intratumorally with PBS or G47Δ-mIL12 (2 x 106 PFU) (see schema in Figure 2A). Three days after the last treatment (i.e., day 21), methanol-fixed cryostat sections were subjected to indirect immunofluorescence staining for CD31+ tumor vasculatures, as described in ‘Materials and Methods’ section. We observed that G47Δ-mIL12 treatment significantly reduced CD31+ tumor vascularity by 2-fold compared to PBS treatment mice (Figures 5A,B). Nano String gene expression analysis also revealed significantly increased gene expression of anti-angiogenic molecule CXCL-10 (IP-10) in 4T1 tumors (P = 0.0049 vs. PBS) (Figure 5C). These studies demonstrate anti-angiogenic properties of the G47Δ-mIL12 virus in TNBC.
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FIGURE 5. (A-C) G47Δ-mIL12 treatment induces anti-angiogenic effects. (A) Immunofluorescence staining of CD31+ tumor blood vessels after G47Δ-mIL12 treatment. Same experiment as Figure 2A. Representative images are presented; scale bar = 100 μm. (B) CD31+ positive areas from 3 to 5 random fields/tumor section (1 section/mouse; n = 5 for PBS and n= 4 mice/group for G47Δ-mIL12) were measured by ImageJ software and presented as Mean ± SEM. (C) G47Δ-mIL12 treatment increases expression of CXCL10 (IP10) in tumor microenvironment. Same as experiment 4B-D. Mean ± SEM. Unpaired Student's t test (two-tailed). *P ≤ 0.05, **P ≤ 0.01. (D-F) CD8a+ T cell depletion abrogates G47Δ-mIL12-induced anti-TNBC efficacy. (D) Experimental schema. BALB/c female mice were implanted with 4T1 tumor cells (1 × 105 cells) in the mammary fat pad on day 0. When tumors reached approximately 80-90 mm3 in volume (day 8), mice were treated intratumorally with G47Δ-mIL12 (1 × 106 pfu / 25 μl in PBS) or PBS on days 8, 11, 14, and 17 (upward red arrows). Anti-CD8a antibody (5 mg/kg) or isotype control IgG (5 mg/kg rat IgG) injected IP on day-4 and−1 prior to tumor implantation and on days 4, 8, 12, and 16 post-tumor implantations (downward blue arrows). (E) Growth kinetics of tumors in mice treated with PBS/IgG (n = 6), G47Δ-mIL12/IgG (n = 5), or G47Δ-mIL12/Anti-CD8a (n = 6). Mean tumor volume of PBS/IgG treated mice was compared to mean tumor volume of G47Δ-mIL12/IgG treated mice on indicated days. Mean ± SEM of all mice presented. Statistical differences between groups were compared by Unpaired 2-tailed Student's t test. *P ≤ 0.05. (F) Kaplan-Meier survival curve. Mice from experiment (E) were followed for ill health and the survival curve was generated on the day each mouse reached its tumor burden limit, i.e., a maximum diameter of 15 mm. Median survival of mock (PBS+IgG) treated mice (21 days; n = 6) was compared to mice treated with G47Δ-mIL12+IgG (31 days; n = 5, P = 0.0116) and G47Δ-mIL12+anti-CD8a (21 days; n = 6, P = 0.4070). Median survival of mice treated with G47Δ-mIL12+IgG (31 days) was compared to mice treated with G47Δ-mIL12+anti-CD8a (21 days; P = 0.0369). The survival data was analyzed by Log Rank test. *P ≤ 0.05; ns, not significant; s.c., subcutaneous; i.p., intraperitoneal; i.t., intratumoral; d.p.i., days post-tumor implantation.




CD8+ T Cell Depletion Abrogates G47Δ-mIL12-Induced Anti-TNBC Efficacy

It was previously demonstrated that G47Δ-mIL12 treatment leads to local production of IL-12 (14). Viral release of IL-12 is accompanied by a marked release of IFN-γ (14), which facilitates CD8+ T-cell-mediated killing of tumor cells (37). Because there is an increased intratumoral CD8+ T cell infiltration (Figure 3C) with enhanced cytotoxic T cell activation markers (Figure 4C) following G47Δ-mIL12 treatment, we hypothesized that anti-TNBC efficacy of G47Δ-mIL12 can be CD8+ T cell-dependent. To address whether the changes seen in tumor infiltrating CD8+ T immune cells are necessary to elicit anti-tumor efficacy of G47Δ-mIL12, we performed antibody depletion studies of CD8+ cells as described (25). CD8+ T cell depletion was confirmed by flow cytometric analysis (Supplementary Figure 3). When orthotopic mammary tumors reached 80-90 mm3 in volume, mice were treated intratumorally with G47Δ-mIL12 or PBS, and intraperitoneally with anti-CD8 antibodies or isotype control IgG on indicated days (Figure 5D). The results show that depletion of CD8+ cells abrogated anti-tumor effects of G47Δ-mIL12 treatment, as demonstrated by similar tumor growth kinetics and tumor free survival as mock-treated animals (Figures 5E,F). Overall, these studies demonstrate that G47Δ-mIL12-mediated anti-tumor immune response is CD8-dependent.




DISCUSSION

Current treatments for TNBC patients are limited to surgery and chemotherapy. TNBC patients initially respond well to chemotherapy but most patients develop resistance at advanced stages. Moreover, immune checkpoint blockade (ICB) immunotherapy alone (e.g., anti-PD-1), which is usually successful in immunologically “hot” tumors (e.g., subsets of melanoma) (38, 39), produces a low overall response rate (<5%) in TNBC patients (40), and a recent Phase III anti-PD-1 trial in TNBC did not meet its endpoint (KEYNOTE-119). In some patients, the resistance to chemo- or -ICB therapy can be overcome to some extent. For instance, a chemotherapeutic agent given in combination with an ICB (e.g., anti-PD-L1, designated atezolizumab; anti-PD-1, designated pembrolizumab) can lead to higher progression-free survival (IMpassion130) (41) and a more pathological complete response (pCR) rate (KEYNOTE-522) (42), respectively, compared to chemotherapy alone. However, a vast majority of patients (i.e., 79.4% in the intention-to-treat population) treated with the combination (ICB immunotherapy + chemotherapy) have experienced disease progression or died (IMpassion130) (41). Thus, there is an unmet medical need to develop new treatment regimen(s) that efficiently activate the immune system and eventually eradicate or control primary tumor growth and metastasis. An alternative and potentially improved immunotherapeutic approach involves application of oncolytic immunovirotherapy that has shown promise in various malignancies preclinically, including TNBC (7, 8). In this study, first we tested the ability of G47Δ-mIL12 to infect and kill mouse and human TNBC cells in vitro. Then we evaluated the therapeutic efficacy of G47Δ-mIL12 as a monotherapy in an immunocompetent, syngeneic, and highly metastatic 4T1 mouse model of mammary carcinoma. In this model, G47Δ-mIL12 monotherapy significantly inhibited TNBC tumor growth and prevented metastasis, both at early and late-stages of tumor development, and was associated with increased DC maturation and T cell activation, enhanced infiltration of CD8+ T cells and reduced infiltration of MDSCs into treated and distant tumors. The anti-tumor efficacy of G47Δ-mIL12 treatment on primary tumor growth was abrogated in the absence of CD8+ T cells.

There has not been any study performed so far testing the cytotoxic activity of OHSV in murine TNBC cell lines in vitro, other than a study testing viral replication in 4T1 tumor cells (43). Here, we observed that both 4T1 and EMT6 murine breast cancer cells are sensitive to G47Δ-mIL12 treatment with IC50s of MOIs 0.9 and 0.5, respectively, which are similar to the killing activity of G47Δ-mIL12 in vitro in syngeneic mouse glioblastoma cells (14, 29). Human cancer cells are typically more permissive, and therefore, should be more sensitive to OHSV treatment than mouse cancer cells (22). Indeed, the tumor cell killing efficiency of G47Δ-mIL12 is better in human TNBC cells (HCC1806 and MDA-MB-468), and requires a lesser MOI (IC50=0.15-0.25), which is at least 2-6 fold lower than that in mouse breast cancer models. Similar to G47Δ-mIL12, other OHSVs with different genetic backgrounds or modifications also efficiently kills human TNBC cells (44–46).

A recently published study in a pre-surgical neoadjuvant setting shows that an ICP0-deleted OHSV replicates poorly in the 4T1 model and is not effective at all in controlling the growth of the injected tumors in a subcutaneous 4T1 flank model, despite predominantly controlling the growth of secondary 4T1 tumors, which resembles TNBC metastasis (43). Similar to Martin et al. (43), the present study shows that G47Δ-mIL12 monotherapy significantly reduced TNBC metastasis, as demonstrated by a significant reduction of surface metastatic nodules in the lungs (Figures 2C,D), and significant growth inhibition of non-injected contralateral tumors (Figure 2G). Although we found similarity in controlling metastatic tumor burden, Martin et al. (43) findings contradict other key findings in our study. For instance, G47Δ-mIL12 efficiently replicated in and killed mouse cancer cells (14) (Figure 1), significantly controlled the growth of injected tumors (Figures 2B,F), and extended survival (Figure 2H), as opposed to poor viral replication and “no” anti-tumor efficacy against injected tumors observed by an ICP0-deleted OHSV (43). The contradictory observations can be explained by the fact that G47Δ-mIL12 has an intact ICP0, a critical immediate-early protein of viral tegument, which is freed into the cytosol upon infection to prepare the cell for virus replication (16). Intact ICP0 in the G47Δ-mIL12 virus may have played a role making G47Δ-mIL12 efficacious against TNBC models, both in vitro and in vivo.

Tumor microenvironment plays a vital role in the success of oncolytic virus therapy. Tumor infiltrating CD8+ T cells are associated with reduced recurrence and longer survival among TNBC patients (47, 48). In this study, the quantification of immune infiltrate demonstrated a significant increase in CD8+ T cells in both G47Δ-mIL12-treated and untreated contralateral tumors and spleens (Figure 3C). When CD8+ T cells were depleted, G47Δ-mIL12 treatment efficacy was abrogated (Figures 5E,F), indicating CD8+ T cells are essential for the antitumor effects of G47Δ-mIL12. Myeloid-derived suppressor cells (MDSCs) are immuno-suppressive cells that inhibit antitumor immunity (31). One of the striking findings in our study was a significant reduction of monocytic and granulocytic MDSCs in both treated and untreated tumors following oncolytic immunovirotherapy (Figures 3D,F). In contrast to MDSCs, we did not find any significant treatment effect on DC population in either treated or contralateral tumors. However, we observed a significant increase in splenic DCs, which were overwhelmingly positive for CD86, an activation marker for DCs (Figure 4A). It is important to note that IL-12 in G47Δ-mIL12 virus may have played a critical role in activating APCs, since IL-12 is a potent MDSC modulator and shifts splenic MDSCs (isolated from 4T1-tumor bearing BALB/c mice) into CD11c+CD86+ activated DCs (17). Nano String gene expression analysis further confirmed DC maturation and activation by demonstrating virally enhanced expression of genes associated with DC activation, antigen processing and presentation, and T cell activation in G47Δ-mIL12 treatment tumors (Figures 4B,D). Since G47Δ-mIL12 is an efficient modulator of antigen processing/presentation, it remains to be determined whether other APC activators can synergize with the in situ vaccine effects of G47Δ-mIL12 treatment and improve the therapeutic outcome in TNBC.

Recently published clinical studies in TNBC patients demonstrate that combination of chemotherapy with an ICB results in significantly higher progression-free survival or pCR rate in PD-L1-positive patient population compared to PD-L1-negative TNBC patients [KEYNOTE-522 (42) and IMpassion130 (41)]. This suggests that PD-L1 expression plays a key role in determining the treatment efficacy. An important limitation of the work presented here is that the G47Δ-mIL12 monotherapy did not eliminate 4T1 primary tumors and metastasis, and we observed that virus treatment dramatically upregulated PD-L1 expression in 4T1 tumors (Figure 4B). It was previously demonstrated that ICB treatment improves therapeutic outcome of OHSV therapy in mouse glioblastoma (24) and human advanced melanoma (49). Thus, future studies involving combination immunovirotherapy (i.e., G47Δ-mIL12 + ICB) can further augment the therapeutic effects of G47Δ-mIL12 and may lead to complete eradication of TNBCs.

Because IL-12 is well known for its anti-angiogenic properties (19), it was our expectation that G47Δ-IL12 treatment would lead to inhibition of tumor angiogenesis in TNBC model. Indeed, we observed a significant reduction of 4T1 tumor vascularity following G47Δ-IL12 treatment compared to PBS treatment group (Figures 5A,B). Production of CXCL-10 (IP-10) is inversely correlated with tumor growth and angiogenesis (50). Here, we noticed a significant upregulation of CXCL-10 in virus-treated 4T1 tumors (Figure 5C). These findings are similar to what was reported previously with G47Δ-IL12 in a mouse glioblastoma model (14), such as inhibition of glioblastoma angiogenesis with an increased expression of intratumoral CXCL-10 (14). These studies also indicate that anti-angiogenic effects of G47Δ-IL12 can synergize with other anti-angiogenic agents and may improve the therapeutic outcome (to be tested in future studies).

In summary, we show for the first time that an OHSV expressing mouse IL-12 (G47Δ-mIL12) virus effectively infects and kills mouse and human breast cancer cell lines. Treatment of syngeneic mice bearing 4T1 TNBC tumors with G47Δ-mIL12 lead to a CD8+ T cell-dependent inhibition of 4T1 tumor growth, inhibition of tumor angiogenesis, and prevention of lung metastasis, suggesting local and systemic anti-cancer effects of G47Δ-mIL12. Finally, G47Δ-mIL12 treatment also leads to an increase in PD-L1 expression in tumors, suggesting the therapeutic benefit of combining G47Δ-mIL12 with anti-PD-1/PD-L1 antibodies. Overall, these findings strongly suggest that G47Δ-mIL12-based immunovirotherapy could be a promising therapeutic approach for TNBC patients.
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Background: Tumor-infiltrating lymphocytes (TILs) play a role in the anti-tumor immune response, and are often found in esophageal squamous cell carcinoma (ESCC).

Methods: We performed a systematic review and meta-analysis, aiming to establish pooled estimates for survival outcomes of TILs based on their abundance and infiltrating location. A literature search of PubMed/Medline, Embase, Web of Science and the Cochrane Library was conducted. Studies that investigated the prognostic significance of generalized, CD8+, CD4+, FoxP3+, CD3+, and CD45O+ TILs in ESCC patients were included.

Results: In pooled analysis, generalized TILs infiltrating the entire tumor mass were positively associated with disease-free survival (DFS), with a univariate-related hazard ratio (HR) of 0.630 [95% confidence interval (CI) 0.415–0.955], and also positively associated with overall survival (OS), with a univariate-related HR of 0.586 (0.447–0.770) and a multivariate-related HR of 0.621 (0.439–0.878). The pan-tumor, intra-tumor and peri-tumor CD8+ TILs had a favorable effect on OS, with univariate-related HRs of 0.733 (0.555–0.968), 0.797 (0.660–0.962), and 0.776 (0.635–0.948), respectively. Similar results were observed in CD8+ TILs that infiltrated the whole tumor mass, with a multivariate-related HR of 0.705 (0.524–0.947). CD4+, FoxP3+, CD3+, and CD45O+ TILs were not linked to DFS or OS. Subtypes and spatial locations of TILs seemed to influence study outcomes.

Conclusions: Experimental and analytical methods of future studies should be carefully designed to avoid overestimating the effect of TILs on prognosis. Our meta-analysis confirms the prognostic efficacy of generalized TILs and CD8+ TILs in esophageal squamous cell carcinoma (ESCC) patients.

Keywords: esophageal squamous cell carcinoma, tumor-infiltrating lymphocytes, lymphocyte subsets, prognosis, meta-analysis


INTRODUCTION

Esophageal squamous cell carcinoma (ESCC) is one of the deadliest malignancies (1). The 5-year survival rate is ~20%, largely due to late diagnosis and propensity for metastasis. Therapeutic modalities such as surgical or endoscopic resection and chemoradiation have contributed to a reduction in ESCC-associated mortality (2). However, ESCC eventually leads to inevitable locoregional recurrence and extensive metastasis. Therefore, there is a need to better understand the pathological and molecular features of ESCC, and to explore validated predictive biomarkers and novel treatment targets of the disease.

Previous studies have demonstrated that tumor immunogenicity, mediated by neoantigens, triggers an immune response in the host and provides immunological stimuli. Lymphatic subpopulations, therefore, preferentially traffic to the tumor mass and infiltrate spatially (3). Some studies indicated the presence of tumor-infiltrating lymphocytes (TILs) to be a favorable prognostic factor for survival in ESCC patients (4–6). However, TILs, also termed generalized TILs, are thought to be a heterogeneous group of lymphocytes possessing different, and even opposite, functions in anti-tumor activity (7). For instance, CD8+ TILs, also known as CD8+ cytotoxic T cells (CTLs), are directly capable of targeting tumor cells through binding with MHC class I molecules, and destroying tumor cells by releasing perforin or promoting apoptosis (8). A large amount of clinical data has proved that CD8+ TILs are associated with a better prognosis for ESCC patients (9–11). The role of CD4+ TILs differs depending on phenotype. Patients with abundant infiltration of CD4+ T helper type 1 lymphocytes (Th1) showed improved survival rates by stimulating CTLs, while CD4+ regulatory T cells (Tregs) are thought to inhibit effective anti-tumor response (12). Similarly, FoxP3+ Tregs are involved in maintaining immunological tolerance and suppressing effector T lymphocytes, and therefore predict an unfavorable prognosis (9). CD3+ TILs are one of the most representative TIL subtypes. Jesinghaus et al. found that high levels of intraepithelial CD3+ TILs were significantly associated with improved disease-free survival (DFS) and overall survival (OS) in ESCC (13), but other studies have reported opposite findings (12). CD45RO+ TILs have a helper induction effect, and studies have confirmed that CD45RO+ TILs could predict an improved DFS and OS, compared to negative patients (14). Furthermore, the pan-tumor spatial arrangement of TILs is a crucial predictive factor for recurrence and prognosis in non-small cell lung cancer (NSCLC) patients (15). Several studies have investigated the prognostic value of TILs based on their infiltrating location. To this end, we evaluated the prognostic efficacy of the different TIL subsets in ESCC, and determined the effect of their anatomical location. We hypothesized that the direction of prognostic influence of TILs would be similar in some subtypes, but that the magnitude of this effect might differ when considering the location of infiltration.

Published meta-analyses using widely differing methods have been conducted across many types of cancer, including melanoma, breast cancer, and many types of TILs (16, 17). Nevertheless, these studies show that there are definite and convincing conclusions linking TILs to prognosis in ESCC patients. To obtain a more precise estimate of prognostic value of TILs in ESCC patients, we carried out a comprehensive systematic review and meta-analysis for relevant publications.



METHODS


Search Strategy

A literature search, based on title and abstract, was performed in PubMed/Medline, Embase, Web of Science and the Cochrane Library for articles using the following search strategy: (“tumor-infiltrating lymphocytes” OR TILs OR “T lymphocytes” OR “T cells” OR “Tregs”) AND (“Esophageal cancer”) (18). Two investigators (HAO and WANG) independently screened the titles and abstracts based on predetermined inclusion and exclusion criteria. Final inclusion was made following a full-text reading of the preliminary screenings. All discrepancies between the two researchers were discussed and resolved by consensus regarding the accuracy of inclusion. Additionally, reference lists of selected papers and related studies that were suggested by PubMed were also searched for potential missing articles. Finally, to avoid duplicates, two additional researchers reviewed all of the studies that were selected for inclusion. Advanced limitations were not imposed in the process of researching and selecting the articles.



Inclusion and Exclusion Criteria

According to a previous study (19), reports that met the following criteria were deemed eligible for final inclusion: (1) prognostic value of generalized TILs and/or relevant subtypes were evaluated in patients with ESCC; (2) time-to-event survival analysis was incorporated with either DFS or OS to estimate the hazard ratios (HRs) and 95% confidence intervals (CIs); (3) Original articles were published in English between the prime and September 2018. Letters, reviews, case reports, animal trials, conference abstracts, clinical trials of immunotherapy, in vitro studies, and commentaries were excluded. To avoid publication bias that might exist in small studies, studies with n <30 patients were excluded.



Data Extraction

Parameters were extracted from eligible publications using a predefined Microsoft Excel table, including the following fields: first author, year of publication, country, subtype, case number, location of infiltration, detection method, cut-off value for high or positive expression, tumor stage, follow-up time, and prognostic outcome of univariate and/or multivariate analysis (including HR, 95% CI, and P-value). When survival data were demonstrated by Kaplan-Meier curves rather than HRs, two researchers (HAO and WANG) then independently calculated data indirectly from the curves using Engauge Digitizer software (http://digitizer.sourceforge.net/) (20). When Kaplan-Meier curves were not available, or calculated HRs did not match the existing curves, studies were excluded. For time-to-event data, HRs were used to evaluate the risk of progression or death for patients with high-level TILs vs. low-level TILs. In studies that reported HRs for low-level TILs vs. high-level TILs, the reciprocals of HRs and 95% CIs were taken (19). Importantly, this meta-analysis extracted and processed survival data based on the cell type and infiltrating location, and classified the TILs as: pan-tumoral, also termed as entire tumor and general tumor, intra-tumoral (21, 22), also known as intraepithelial (6, 10, 13) and tumor nest (23), and peri-tumoral (21) or the tumor stroma (6, 11, 22).



Quality Assessment

Selected publications were appraised to identify and assess any risk of biases that could be sufficiently large enough to distort the study results. The Quality In Prognosis Studies (QUIPS) handbook (24), which has been previously validated, was used to help reviewers who were conducting the systematic reviews. QUIPS is comprised of 6 bias domains, including study participation, study attrition, prognostic factor measurement, outcome measurement, study confounding, and statistical analysis and reporting. Each domain was rated as low, moderate, or high risk of bias by two researchers (HAO and WANG), independently. The reviewers' responses were considered, and any disagreement between two investigators was resolved through discussion. This meta-analysis also complied with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines (25).



Statistical Analysis

As shown in Table 1, the included studies varied widely with regard to research methods. Therefore, a random-effects model was utilized when I2 > 50% or P < 0.1 to measure the heterogeneity of the studies. Otherwise, a fixed-effect model was applied. A quantitative measurement of inconsistency among studies was eventually demonstrated through visual inspection of forest plots. When heterogeneity was observed, sensitivity analysis was performed to test the stability of the main results. Additionally, asymmetry of a contour-enhanced funnel plot was used to evaluate the potential publication bias, and Begg's and Egger's tests were used to develop quantitative evidence. All analyses were completed by STATA version 12.0 (Stata Corporation, College Station, TX, USA), with significance defined as a P-value < 0.05 for overall results.


Table 1. Main characteristics of included studies.
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RESULTS


Study Selection and Characteristics

After conducting literature search of the PubMed/Medline, Embase, Web of Science, and the Cochrane Library, we identified 143 potentially relevant articles (Figure 1). Following the screening of title and abstract, 77 articles were excluded because they were duplicates, not related to ESCC, or did not satisfy the inclusion criteria. Therefore, 66 full-text articles were evaluated, of which 19 met our inclusion criteria. The specific reasons for which these 47 studies were finally excluded are described in Figure 1. Table 1 summarizes some crucial characteristics of the 19 studies that were ultimately selected (4–6, 8–14, 21–23, 26–31). Only one study comes from a non-Asian country (13), which is consistent with the fact that Asians are susceptible to ESCC due to their hereditary backgrounds (32). Most studies investigated the prognostic value of at least two subgroups of TILs, and generalized TILs and CD8+ TILs were the most frequently studied. Only 3 studies have examined generalized TILs using H&E staining alone (5, 6, 31), and the remaining 16 studies recognized immunohistochemistry(IHC) as the dominate method for staining TILs. A common phenomenon shown in our meta-analysis is that the included studies have no universalized cut-off value for defining infiltrating lymphocyte levels. This issue generated the main research limitation. Additionally, 11 articles provided a median follow-up time, but did not provide details about people who were lost during follow-up.


[image: Figure 1]
FIGURE 1. Flow diagram of study selection process.




Results of Quality Assessment

QUIPS was used to appraise for risk of bias in the remaining 19 studies. In this systematic review and meta-analysis, almost no study presented detailed information about participants who were lost during follow-up, and most studies did not report any reasons for non-completion. This issue evidently leads to high risk of bias in the domain of study attrition. Unclear descriptions of cell counting methods and non-uniform cut-off values could provide other sources of bias in the domain of prognostic factor measurement. Factors that distorted the observed effect of TILs were classified in the study confounding domain. Indirect data from curves and diverse methodologies for analysis were not considered in the analysis and reporting domain (19). Low, moderate, and high risks of bias were reported in 3, 10, and 6 studies, respectively, with scores ranging from 1 to 6. As Hayden et al. recommended against the use of a summated score for overall quality, we did not exclude studies with high scores (24). The complete quality assessment of the publications is shown in Table 2.


Table 2. Quality assessment of included studies.
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Generalized TILs as Prognostic Biomarkers

The prognostic value of generalized TILs was assessed in 7 studies. The pooled analysis showed that both DFS [HR from univariate analysis: 0.630(0.415–0.955)] and OS [HR from univariate analysis: 0.586(0.447–0.770), HR from multivariate analysis: 0.621(0.439–0.878)] were positively associated with high-level infiltration of generalized TILs into the entire tumor masses. Nevertheless, pooled HRs from univariate analyses showed that high intratumor infiltration of generalized TILs did not correlate with DFS [HR: 0.774(0.414–1.445)] or OS [HR: 0.752(0.377–1.500)]. Similarly, high peritumor infiltration of generalized TILs was not associated with DFS [HR: 0.900(0.700–1.156)] or OS [HR: 0.860(0.632–1.170)] in univariate analysis, or in multivariate analysis [HR for DFS: 0.839(0.576–1.222); HR for OS: 0.793(0.505–1.245)] (Tables 3, 4, Figures 2, 3). In addition, one study that was excluded found a significant influence of generalized TILs on cancer-specific survival in patients with pan-tumor infiltration (33).


Table 3. The pooled univariate analysis of generalized TILs and subsets.
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Table 4. The pooled multivariate analysis of generalized TILs and subsets.
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[image: Figure 2]
FIGURE 2. Forest plots of prognostic value of generalized TILs (A) and CD8+ TILs (B) on OS present on univariate analysis in ESCC patients.



[image: Figure 3]
FIGURE 3. Forest plots of prognostic value of pan-tumor infiltration of generalized TILs (A) and CD8+ TILs (B) on OS present on multivariate analysis in ESCC patients.




CD8+ TILs as Prognostic Biomarkers

A total of 12 articles investigated the prognostic value of CD8+ TILs in patients with ESCC. Pooled HRs showed that patients with high level of CD8+ TILs in the entire tumor mass had an unfavorable outcome for DFS [HR from univariate analysis: 1.026(0.814–1.292)], but a favorable outcome for OS [HR from univariate analysis: 0.733(0.555–0.968), HR from multivariate analysis: 0.705(0.524–0.947)]. Pooled HRs from univariate analysis in patients with intratumor infiltration showed that high level of CD8+ TILs was not correlated with DFS [HR: 0.901(0.678–1.198)], but was associated with a favorable outcome for OS [HR: 0.797(0.660–0.962)]. Similarly, pooled HRs from univariate analysis showed that high peritumor infiltration of CD8+ TILs was not correlated with DFS [HR: 0.949(0.730–1.233)], but was associated with a favorable outcome for OS [HR: 0.776(0.635–0.948) (Table 3, Figures 2, 3).



CD4+ TILs as Prognostic Biomarkers

Six studies presented data on the prognostic value of CD4+ TILs. The pooled HRs showed that high levels of CD4+ TILs infiltration in the entire tumor mass was not correlated with OS [HR from univariate analysis: 0.726(0.480–1.097), HR from multivariate analysis: 0.785(0.552–1.116)]. Meanwhile, pooled HRs from univariate analyses indicated that high peritumor infiltration of CD4+ TILs was not related to DFS [HR: 0.857(0.463–1.585)] or OS [HR: 0.757(0.397–1.446)] (Tables 3, 4).



FoxP3+ TILs as Prognostic Biomarkers

Five included studies demonstrated the prognostic value of FoxP3+ TILs on OS. No correlation was observed between high levels of FoxP3+ TILs infiltration in whole tumor mass and OS [HR from univariate analysis: 0.920(0.489–1.731), HR from multivariate analysis: 0.776(0.280–2.151)]. Similarly, high intratumor and peritumor infiltration of FoxP3+ TILs was not correlated with OS. The pooled HRs from univariate analyses were 0.880(0.245–3.164) and 1.367(0.884–2.115) for intratumor and peritumor infiltration, respectively (Tables 3, 4).



CD3+ TILs as Prognostic Biomarkers

Three studies that evaluated the impact of CD3+ TILs on survival were included in this meta-analysis. The studies investigating CD3+ TILs only explored the relationship between infiltration level and OS. High levels of intratumor CD3+ TILs did not improve patient survival. The pooled HRs of OS from univariate and multivariate analysis were 0.678(0.380–1.208) and 0.958(0.498–1.842), respectively. Additionally, the pooled HR from univariate analysis showed that high peritumor infiltration of CD3+ TILs did not correlate with OS [HR: 0.867(0.407–1.847)] However, the pooled HR from multivariate analysis showed a contradictory result [HR: 1.205(0.860–1.688)] (Tables 3, 4).



CD45RO+ TILs as Prognostic Biomarkers

Only 2 studies evaluated the impact of CD45RO+ TILs on OS, and only one study (34), which had been excluded, reported data on DFS. Therefore, there was little available data to use to determine the effect of CD45RO+ TILs on OS in patients. The pooled HR from univariate analysis was 0.652(0.273–1.554), indicating that no correlation was found, and that further research is urgently needed (Table 3).



Sensitivity Analyses and Publication Bias

Sensitivity analyses were performed to assess the stability of the results based on a published study (35). No individual study changed the pooled data qualitatively according to the leave-one-out trial. Simultaneously, the profile of the whole funnel plots appeared to be symmetrical, indicating the absence of publication bias. Additionally, the results of Begg's test and Egger's test showed no significant publication biases that could have significantly influenced the results. We, therefore, did not use the non-parametric “trim-and-fill” method.




DISCUSSION

This study evaluated the prognostic value of TILs as a reasoned method to explore prognostic markers for ESCC patients. However, retrospective studies conducted on TILs have shown incompatible conclusions regarding the prognostic efficacy of TILs. We, therefore, systematically reviewed and analyzed previous studies to determine the correlation between TILs and the clinical outcomes of ESCC patients.

First, we investigated the prognostic effect of generalized TILs by meta-analysis. The result indicated that generalized TILs that infiltrate the entire tumor mass are associated with a favorable prognosis for DFS and OS. This finding was consistent with the hypothesis that dense lymphatic infiltration in primary tumors would be associated with improved survival rates in breast cancer (17), melanoma (16), and ovarian cancer (36). Conversely, intratumor and peritumor infiltration of generalized TILs was not correlated with survival outcome in this meta-analysis. Our analyses demonstrated the prognostic value of generalized TILs, however understanding the spatial organization of generalized TILs within the whole tumor mass would improve the predictive value of TILs for cancer prognosis (15). Additionally, local density of TILs, subpopulations, and colocalization of cancerous cells may differ depending on the spatial architecture of TILs (37). Therefore, the location and extent of infiltration would be the predominant factors that influence the prognostic value of generalized TILs.

However, some studies reported that abundant TILs were not related to prognosis in ESCC patients, regardless of infiltrating location (26, 31). Differences in clinical methodology could explain these divergent conclusions. For instance, when clinical stage, tumor grade, and follow-up time were taken into account, TILs can improve outcome prediction even more significantly (38). Since advanced stage and higher grade tumors usually harbor more differentiated TILs, the latter may gradually lose the ability to induce tumor regression due to downregulation of lymphoid homing (CD62L) and costimulatory (CD27 and CD28) molecules (39). This means that more differentiated TILs might have a lower anti-tumor activity. In addition, patient cohorts in the included studies received diverse treatment modalities, such as chemoradiotherapy, which would increase the tumor's response to TILs (40). The underlying mechanisms of the interaction, such as improved response to cytokines, have not yet been fully elucidated.

Considering the great heterogeneity of TILs, the phenotype of infiltrating lymphocytes varies greatly. CD8+ TILs are the most frequently assessed subtype as they are considered the pivotal effector of the immune system against malignancies. Many studies have found a favorable survival outcome for patients with high-levels of infiltration of CD8+ TILs (8–11). In accordance with these findings, our study found that patients with abundant CD8+ TILs had better OS than those with a lower infiltration. This result was not influenced by the location of TILs infiltration. On the other hand, some studies did not observe any prognostic significance of CD8+ TILs (12, 21, 27). This discrepancy may be explained by adoptive immune-resistance, induced by the upregulation of PD-L1 or PD-1, which suppresses the immune activity of the tumor microenvironment (41). Similarly, Chen et al. showed that the expression of B7-H4 on esophageal cancer cells is inversely correlated with the densities of CD8+ TILs, suggesting that B7-H4 inhibits TILs recruitment (23). In addition, the impaired function of CD8+ TILs may also be mediated by immunosuppressing factors released by tumor cells, deficient presentation of tumor antigen by dendritic cells, and reduced production of co-stimulating cytokines by helper CD4+ T-cells (42, 43).

CD4+ TILs play an immunomodulatory role in the host immune system (44). The proportion of CD4+ and CD8+ TILs reflects changes in the body's immune system, and differs among patients and infiltrating locations (45). The results of this meta-analysis suggested that CD4+ TILs are not associated with survival outcome. However, previous studies observed that ovarian cancer patients with increased intratumor infiltration of CD4+ lymphocytes had longer OS (46). Considering the ambiguous role of CD4+ lymphocytes in ESCC, and the small number of eligible studies, we conclude that the prognostic role of CD4+ TILs remains questionable. Furthermore, subpopulations of CD4+ TILs could have different functional impacts on the immune environment (44). For instance, this study showed that high infiltration of FoxP3+ regulatory subset had no prognostic value for ESCC. However, previous findings demonstrated that high FoxP3+ Tregs density was associated with a significant lower OS rate in melanomas (47) and hepatocellular carcinoma (48). Foxp3 is considered the most specific Tregs marker, however it is not specific for activated Tregs. Additional markers, such as CD25 and CD127, might be required to determine the immunological functions of Tregs.

In this meta-analysis, we investigated the prognostic value of CD3+ TILs, which are generally considered to be a positive predictor of prognosis for ESCC patients. In clinicopathological practice, CD3 is one of the most representative molecules used to assess the overall quantity of infiltrating T lymphocytes. In the tumor microenvironment, CD3 could be used to determine whether a given cancer can be considered to be in the state of a “T-cell inflamed microenvironment” (49). Nevertheless, the pooled analysis found that infiltration of CD3+ TILs was not correlated with prognosis. This result does not correspond with previous studies that show that CD3+ TILs play an important role in antitumor activity. Jesinghaus et al. suggested that abundant infiltration of intraepithelial CD3+ TILs is associated with favorable survival outcomes in ESCC patients (13). Therefore, detecting intraepithelial infiltration of CD3+ TILs is a comparatively specific method for predicting tumor prognosis. Because intraepithelial lymphocytes are more likely to interact with cancer cells than their stromal counterparts, the localization of TILs seems to have major relevance with regards to their prognostic impact.

CD45RO has been generally accepted as the optimal single marker for the entire memory T cell population, with the exception of T memory stem cells (50). To the best of our knowledge, few studies have previously addressed the role of CD45RO+ TILs in ESCC. These T cells include both CD4+ and CD8+ T lymphocytes that have been exposed to antigens, which are known to respond faster than naïve T cells upon re-stimulation with antigens (51). In our study, CD45RO+ TILs were not associated with patients' survival outcome, which could be attributed to the overexpression of immunosuppressive cytokines such as IL-10 and TGF-β, which are known to effectively inhibit the function of the CTLs (52). However, previous studies have reported that high density of CD45RO+ T memory cells is associated with better disease-related outcomes in various human cancers, including EAC and ESCC (47). Some data also suggest that CD45RO+ T cells generated in the primary tumor may have the ability to control micrometastatic cancer cells in lymph nodes or distant organs in the post-operative period (14). Further studies are needed to confirm the prognostic role of CD45O+ TILs in ESCC patients.

The checks and balances between subpopulations can also influence the immunocompetence of TILs. These reciprocal interactions may be verified by the ratio of CD8+ TILs to other subtypes. For instance, in combination with CD8+ TILs, Foxp3+ TILs could also be used as a prognostic indicator. A higher CD8+/Foxp3+TILs ratio, which indicates that the beneficial effect of CD8+ T cells outweighs the immunosuppressive effect of the Tregs, was a better indicator for survival outcome than CD8+ or Foxp3+ TILs alone (9, 27). In addition, a suitable CD8+/CD4+ TILs ratio corresponds with a favorable prognosis and reflects the immune response against ESCC (38). Therefore, the balance of CD8+ and CD4+ TILs is critical for the prognosis of patients with ESCC. However, an insufficient number of studies that evaluate these ratios were available in this meta-analysis. Therefore, future research should be conducted to develop a more comprehensive understanding of the value of using these ratios as a prognostic marker.

Tumor microenvironment plays a pivotal role in the anti-cancer immunity of TILs. The programmed cell death protein 1 (PD-1) is an immunoinhibitory receptor expressed on activated CD4+ and CD8+ TILs that, together with its ligands PD-L1 and PD-L2 that are expressed in tumor cells, helps to negatively regulate TILs activation (53, 54). Preclinical data indicated that PD-1+ TILs displayed an impaired effector function to proliferate and produce cytokines, thus termed functional exhaustion. This finding provided a plausible explanation for tumor progression despite the presence of TILs (55). Yagi et al. (56) reported that patients with PD-L1+ esophageal cancer cells significantly associated with worse OS (HR, 1.69; 95% 1.05–2.67; P < 0.033), compared with PD-L1 negative cases. Similarly, Chen et al. (23) revealed that levels of PD-L1 expression on esophageal cancer cells were inversely correlated with the density of CD3+ and CD8+ TILs, indicating a possible role of PD-L1 in suppressing immune surveillance. In consequence, tumors with PD-1+ or PD-L1+ TILs are most likely to benefit from a single-agent anti-PD-1/PD-L1 blockade, as these tumors possess pre-existing TILs that are turned off by PD-1/PD-L1 engagement. Kudo et al. (57) demonstrated that nivolumab, a monoclonal antibody specific for PD-1, showed promising anti-cancer activity in patients with ESCC. However, when combined PD-1/PD-L1 expression with TILs status, the prognostic efficacy will be different from the single marker. Preclinical data revealed that ESCC patients who had PD-L1+ TILs were significantly associated with improved OS (HR, 2.01; 95% 1.14–3.41; P < 0.0001) and had lower risk of distant recurrence (42.1 vs. 72.3%; P = 0.042), using PD-L1- TILs as a referent (56, 58). In this meta-analysis, we could not merge the HRs of PD-1+ or PD-L1+ TILs due to insufficient data. Taken together, PD-1+ or PD-L1+ TILs may be a promising biomarker for identifying patients who may benefit from immune-checkpoint inhibitors. In the future, more studies that investigate the intercorrelation between PD-1/PD-L1 pathway and TILs in ESCC, are imperiously needed.

Our meta-analysis has certain limitations that are inherent to its design, and to features of the included articles. First, the main limitation was the heterogeneous study cohorts. Patient cohorts included in this study have different case numbers, clinical stages, pathological stages, and follow-up times, which influence the prognostic value of the biomarkers through different mechanisms. Very few studies accounted for treatment modality in their analysis, but the given therapies also influence immune status via immunological mechanisms. Therefore, to strengthen the prognostic value of TILs, they should be studied in homogenous cohorts. Second, the determined cutoff points differed widely among the included studies. Some studies use percentiles, tertiles, or the median, whereas others use absence vs. presence, the minimal P-value approach, or do not report a cutoff point at all. Therefore, it is difficult to determine the precise quantification of the TILs. To incorporate TILs in clinical practice, it is necessary to establish a standardized and validated cut-off point for quantification. However, it was not yet possible to suggest a universally applicable cut-off point in this meta-analysis. Third, Foxp3, CD4, and CD8 are not exclusively representative of T helper cells and cytotoxc T-cells. They are also observed on macrophages and dendritic cells. Modern techniques that are able to identify T-cell subsets more specifically might provide more robust biomarkers for ESCC. Fourth, all of the included studies were retrospective. Currently, technical issues related to producing tumor-specific T cells present a formidable barrier to conducting randomized clinical trials. These limitations raise the question of whether biology or methodology is the source of the observed prognostic effects of TILs for survival. Biological support can be gained from ex vivo and in vitro studies, which offer a more detailed perspective. Scientific design can be one of the methodological supports to reduce such limitations.

In conclusion, our meta-analysis confirmed the prognostic role of both generalized TILs and CD8+ TILs in ESCC. High-level infiltration of generalized and CD8+ TILs predicted a better OS, for death from all causes. In order to incorporate prognostic T-cell markers into clinical practice, more prognostic studies with homogeneous patient cohorts, with respect to infiltrating location, tumor stage, and treatment modality, are needed.
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Immunotherapies in tumors have attracted increasing attention. They play an important role in precision medicine. Many immune-checkpoint inhibitors (ICIs) have obtained FDA approval and show good performance in the clinic. Hyperprogressive disease (HPD) after ICIs was first described in November 2016. Since then, a series of cases of HPD after ICIs have been reported. Notwithstanding that only a small subset of patients may experience this atypical response, HPD in affected patients means shorter survival times and worse prognoses. We summarized common standards for HPD diagnosis and profiled advantages and disadvantages. Elderly age, MDM2 family amplification, infiltration of PD-1-positive regulatory effector T cells and M2-like macrophages, and cancer stem cells may take part in HPD occurrence. Overall, we should focus on investigating the early markers and pathogenic mechanisms of HPD to solve this issue in ICIs.
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BACKGROUND

Immune-checkpoint inhibitors (ICIs) improve current therapies in many malignant cancers, such as non-small-cell lung cancer (NSCLC) (1), head and neck squamous cell carcinoma (HNSCC) (2), bladder cancer (3), breast cancer (4), endometrial stromal sarcoma, and renal cell carcinoma (RCC). ICIs include not only monoclonal antibodies targeting PD-1/PD-L1 and CTLA-4 (5), but also T cell immunoglobulin mucin 3 (TIM3) antibodies (6) and B and T lymphocyte attenuator (BTLA) antibodies (7). Although burgeoning targeted treatments, such as EGFR TKIs, prolong overall survival (OS) (8), the emergence of rapid drug resistance profoundly limits the long-term benefits for patients. In contrast, ICIs represent a unique and promising treatment option and complement targeted therapies in certain tumor types. Most tumor cells escape from the host immune system to protect themselves from killing by T cells, while ICIs aim to break the balance in the tumor environment and activate the immune system. Some clinical trials show significantly better OS with specific ICIs. ICIs including anti-PD-1 mAbs (pembrolizumab and nivolumab), anti-PD-L1 mAbs (atezolizumab and durvalumab), and anti-CTLA4 mAbs (ipilimumab) are approved by the FDA (Figure 1). However, unconventional responses occur in some subsets of patients after ICI treatment, such as pseudoprogression and hyperprogressive disease (HPD) (9). Both of these disorders present tumor growth on radiology scans, but the former is followed by a sharp decrease in tumor growth, while the latter is a genuine progression of the tumor. Importantly, HPD is a real phenomenon closely related to ICI utilization and is different from normal tumor progression (10).


[image: Figure 1]
FIGURE 1. HPD-Related ICIs and Their Targets. Pembrolizumab and nivolumab are PD-1 antibodies; atezolizumab and durvalumab are PD-L1 antibodies; and ipilimumab and tremelimumab are CTLA-4 antibodies.


Response Evaluation Criteria in Solid Tumors (RECIST) and RECIST 1.1 were introduced to evaluate antitumor treatment effects (11, 12). RECIST and RECIST 1.1 classify therapeutic effects into four aspects: complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD). It is obvious that PD encompasses the hyperprogression phenomenon, but it cannot distinguish HPD, pseudoprogression, and normal tumor pression with complete drug resistance. Immune-related RECIST (irRECIST) improved RECIST, and it could capture novel response patterns in immunotherapy. irRECIST improved RECIST because it could capture novel response patterns in immunotherapy (13). However, irRECIST is not suitable for HPD estimation because it does not discuss HPD, in which case HPD may be simply characterized as PD according to irRECIST. Despite the limitations, the following methods to define HPD are based on the above-mentioned criteria.

In this paper, we summarized different criteria for HPD diagnosis in solid tumors and discussed possible mechanisms and predictors of HPD.



APPEARANCE, DEFINITION, AND DIAGNOSIS OF HYPERPROGRESSION

HPD after ICIs was first identified by S. Chubachi (14). A 54-year-old man with recurrent NSCLC received 10th-line chemotherapy with nivolumab. 6 weeks later, obviously larger tumor lesions and newly formed lymphatic and brain metastases indicated “tumor flares” (14). It is inaccurate to define tumor “flare-up” as HPD since there is a subset of effective responses with temporary disease growth. A label of PD based on the three generations of RECIST cannot distinguish whether tumor progression is “normal” or a “flare-up.” Another atypical response type is pseudoprogression, which was first reported in melanoma after pembrolizumab treatment (15). HPD and pseudoprogression may be confused in the early stage. Pseudoprogression, in contrast to HPD, indicates good therapeutic efficacy. Chances are worse for patients whose HPD is not found or is mistaken as pseudoprogression until after it has caused severe illness. Researchers have demonstrated that HPD truly exists (10); the next step is to consider HPD as its own entity and appropriately define it.

Champiat et al. first defined “tumor flares” after immunotherapy as HPD based on RECIST 1.1 (11, 16). They used the tumor growth rate (TGR) before PD-1/PD-L1 treatments as a baseline, and an at-least 2-fold enhancement in the TGR after ICI treatments was ruled as HPD (16). TGKR is defined as the ratio of the rate of tumor growth on ICI treatment to that before ICI treatment (17). Saâda-Bouzid et al. found that 29% of HNSCC patients had HPD, based on the criterion TGKR ≥ 2 (17). Similar to TGR, TGKR = [image: image], where T is the timepoint and S is the diameter of the tumor. Tpre, T0, and Tpost mean the timepoints of the preceding baseline, baseline, and after the baseline, respectively. However, TGR is simpler and more convenient than TGKR, and TGRR is the ratio of TGR. 1 month before the definition of TGRR, Kato et al. showed six cases of HPD in different solid tumors (18). They defined HPD with three criteria: (1) time to treatment failure (TTF) <2 months, (2) 50% increase in tumor burden, and (3) >2-fold increase in progression rate (18). Tumor burden is estimated by RECIST 1.1, and tumor progression rate is estimated by irRECIST. Kato's definition benefits the early discovery of HPD more than the TGR or TGK definitions and takes new lesions into consideration.

Another group believed that these definitions did not consider patient clinical status, so they introduced Eastern Cooperative Oncology Group (ECOG) to evaluate patient performance as one criterion (19) (Table 1). Taking these into consideration is a double-edged sword, because it may mistake PD for HPD.


Table 1. Different criteria for HPD.
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The evolution and development of these standards are summarized in Table 1.



TUMOR PROGRESSION UNDER ICI TREATMENT

The majority of HPD cases occurred during anti-PD-1/PD-L1 treatment, and a minority occurred during CTLA-4 treatment.


PD-1/PD-L1

Pseudoprogression was first reported in CTLA-4 therapy in advanced melanoma (24 of 327 patients; 7.3%) (15). It is characterized by tumor depression after rapid progression. The biopsy results show lymphocyte infiltration and tumor necrosis. In fact, pseudoprogression indicates favorable effects of ICI treatments.

Another atypical type of response after ICIs, tumor “flare-up,” was first reported in NSCLC after treatment with nivolumab, a PD-1 inhibitor (14). The phenomenon occurred in a 54-year-old man after a series of treatments: irradiation therapy, EGFR TKIs, cytotoxic agents, and nivolumab. After nivolumab, according to imaging detection, his tumor progressed rapidly, and new brain metastases were observed (14). Nivolumab is one of the current FDA-approved PD-1 antibodies, and the other is pembrolizumab; PD-L1 antibodies compromise atezolizumab and durvalumab. Champiat et al. defined HPD for the first time (16). They collected 131 eligible patients with multiple types of solid tumors, and 7 out of 78 (9.0%) patients treated with PD-1 inhibitors and 5 out of 53 (9.4%) patients treated with PD-L1 inhibitors developed HPD (16). According to their research, there was no significant difference in the HPD occurrence rate between anti-PD-1 and anti-PD-L1 therapies (p = 1) (16).

Saâda-Bouzid et al. collected HNSCC patients who were not covered by a previous study (17). 10 of 34 patients (29.4%) were diagnosed with HPD, and the difference in the HPD occurrence rate between anti-PD-1 and anti-PD-L1 treatments in recurrent and/or metastatic HNSCC patients was also not statistically significant (p = 0.23) (17). As expected, HPD predicts a worse prognosis: decreased progression-free survival (PFS) and OS (17). Another manuscript investigated HPD in digestive system malignancies (20). Among 25 patients, 5 were diagnosed with HPD, 4 of whom received the PD-L1 inhibitor atezolizumab, while the rest received CTLA-4 and PD-L1 inhibitor combination treatment, which will be discussed later (20).

Kato et al. found 6 patients with MDM2/4 amplification in 155 patients, and they were all diagnosed with HPD after immunotherapies. 5 of 6 patients received anti-PD-1/PD-L1 therapies (18). With the same criteria for HPD, another study diagnosed 4 of 36 advanced gastric cancer patients treated with nivolumab as having HPD (21). A large experiment with 406 eligible advanced NSCLC patients proved that HPD is more common with anti-PD-1/PD-L1 therapies than with chemotherapies (22). A case of HPD in melanoma was also reported in a 25-year-old female after combination therapy with ipilimumab, nivolumab plus trametinib, and dabrafenib (23). Another study reported that two metastatic urothelial carcinoma patients were diagnosed with HPD after anti-PD-1 mAb treatment and died soon after (24). Intriguingly, rapid tumor progression after PD-1 inhibitor treatment has also occurred in leukemia (25). The HPD occurrence rate seems not to be significantly different between anti-PD-1 mAbs and anti-PD-L1 mAbs (22).

In conclusion, a subset of patients may suffer worse prognosis from PD-1/PD-L1 inhibitors than from other therapy types, and HPD may not be related to specific PD-1 or PD-L1 antibodies. The characteristics of these cases are summarized in Table 2.


Table 2. Characteristics of HPD Cases.

[image: Table 2]



CTLA-4 Antibodies

Cytotoxic T lymphocyte-associated protein 4 (CTLA-4), also named CD152, suppresses antigen-presenting cells. Similar to PD-L1/PD-1, interaction with CTLA-4 attenuates T cells and leads to immunosuppression (26). The only FDA-approved CTLA-4 inhibitor is ipilimumab (27). Another CTLA-4 antibody, tremelimumab, is still in clinical trials. Zhi et al. reported that a 49-year-old man with esophageal neuroendocrine carcinoma (NEC) showed new spinal, liver, and lung metastases after 6 weeks of durvalumab and tremelimumab combination treatment (20). In another study, 3 of 19 patients treated with a CTLA-4 inhibitor alone and 2 of 16 patients treated with combination treatment with a CTLA-4 inhibitor and anti-PD-1 had a TTF <2 months (18). However, the authors did not further verify whether these cases were HPD or not (18). Another study found that one patient treated with a single-agent CTLA inhibitor and one patient treated with combination treatment with a CTLA-4 inhibitor and a PD-L1 inhibitor were characterized as having HPD (28).

Moreover, HPD has rarely been seen in patients treated with a single-agent CTLA-4 inhibitor. Overall, CTLA-4 inhibitors are not the main treatments responsible for HPD.



OX40 Agonist-Related

OX40 (CD134), which is highly expressed by T cells, belongs to the TNF receptor family. In fact, OX40 agonists are not strictly ICIs. They aim to activate OX40 rather than inhibit it (29). The combination therapy including an OX40 agonist and PD-L1 blockade is recommended in research (30). However, a 62-year-old man was diagnosed with HPD after OX40 agonist therapy (18). This patient, who had a hypopharyngeal squamous cell tumor, harbored MDM4 amplification and died 4.4 months after OX40 agonist initiation (18). No other OX40 agonist HPD cases have been reported. Nevertheless, we should not neglect the possibility of HPD occurrence in the clinic (Table 2).




POSSIBLE MECHANISM AND PREDICTORS FOR HPD

If we treat HPD as a special type of drug resistance, according to common classification terms, is HPD an intrinsic resistance, an acquired resistance, or both?


Intrinsic Resistance?

Kamada et al. hypothesized that PD-1-positive regulatory T cells (Tregs) play key roles in anti-PD-1-mediated HPD in advanced gastric cancer (21). They found that in non-HPD patients, the ratio of eTregs:CD8+ cells, the ratio of Ki67+ Tregs:Ki67+CD8+ cells, and the percentage of Ki67+ Tregs decreased significantly after nivolumab treatment, while they remained stable or even slightly increased in HPD patients (21). Interestingly, CTLA-4 is highly expressed in effector Tregs (31). CTLA-4 treatments increased Ki67+ Tregs (21). Anti-CTLA-4 mAb and anti-PD-1 mAb combinations were associated with less HPD occurrence in the clinic than other ICI combinations (20).

Another group found 39 HPD patients among 187 NSCLC patients, and M2-like macrophage (CD163+CD33+PD-L1+) infiltration in tumors was found in all HPD patients (19). In their animal study, nivolumab-related HPD showed infiltration of M2-like macrophages, which was thought to be caused by Fc (of nivolumab)-Fcγ receptor binding.

If PD-1+ Tregs and M2 macrophage infiltration induced by nivolumab are the major mechanisms responsible for HPD, it is difficult to explain why there is no significant difference between anti-PD-1 mAbs and anti-PD-L1 mAbs. The sample size for anti-PD-L1-related HPD may be too small. Or do anti-PD-L1 mAbs also stimulate infiltration of PD-1+ Tregs and M2-like macrophages? In fact, anti-PD-1 and anti-PD-L1 mAbs are two different types of immunoglobulin G (IgG). The former belongs to the IgG4 class, which inactivates the relevant pathway by binding with the inhibitory receptor, FcγRIIb, and the latter belongs to the IgG1 family, leading to cell death by binding with activating receptors: FcγRI, FcγRIIa, and FcγRIIIa. This means that the Fc–Fcγ interactions are very different (32) (Figure 2).
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FIGURE 2. Possible Mechanisms for HPD. We summarized existing mechanisms for HPD and classified them into three types: intrinsic immunological reasons, acquired elements, and possible factors.




Acquired Resistance?

Cancer stem cells (CSCs) may contribute to the acquired resistance hypothesis of HPD. Cytotoxic T lymphocytes (CTLs), the cells that respond when ICIs stimulate the host immune system, were found to favor cancer cell stemness if cancer cells survived (33). Notably, PD-L1 was found to maintain the stem-like phenotype of breast cancer cells (34) (Figure 2).



Coincidence or Significance?

In the study of Kamada et al. only 1 among 31 patients had MDM2 amplification, and this patient suffered HPD (21). This case supports the idea that HPD after a single PD-1/PD-L1 inhibitor may be more frequent in patients with MDM2 family amplification than in patients without MDM2 amplification (18). Inhibiting the PD-1 pathway could induce an increase in Interferon-γ (IFN-γ) (35), while IFN-γ can stimulate the JAK-STAT pathway (36), and IFN regulator factor-8 (IRF-8), a downstream factor of JAK-STAT (37), may induce MDM2 overexpression (38, 39). This hypothesis, raised by Kato et al. explains why HPD is more frequent in patients with MDM2 family amplification. However, further verification is needed in vivo and in vitro. They also found EGFR alterations in HPD patients. Another study compared somatic mutations in two HPD patients before and after anti-PD-1 therapies and found that the two HPD patients harbored both more mutations after ICIs and significantly decreased immune scores (40). Notably, enriched ILC3 marker genes after anti-PD-1 treatments indicate that ILC3s may participate in HPD (40). Age is also an important factor, as HPD is more common in elderly patients (age ≥ 65) (16, 22, 41) (Figure 2).

In conclusion, MDM2 family amplification and older age (≥65) are possible risk factors for HPD. Even though PD-1+ Tregs, M2-like macrophage infiltration and ICI-stimulated CSCs have been presented as possible hypotheses for the HPD mechanism, there is still an urgent need to understand the occurrence of HPD and identify predictive factors for early diagnosis.




CONCLUSION

With increased awareness of tumors, treatment methods have improved from broad approaches (surgery and cytotoxic agents) to precision medicine (targeted treatments). ICIs are promising. However, HPD intimidates doctors and patients. Once HPD occurs, ICIs are not only invalid for tumor treatment but also detrimental for patients. HPD always indicates poor OS, increased metastasis and rapid tumor growth.

Currently, there are three different criteria for HPD diagnosis: (1) the TGRR criteria (16); (2) the TGKR criteria (17); and (3) the Kato et al. criteria (18). They are all widely used in research. Another set of criteria takes clinical status into consideration (19) (Table 2).

The mechanism of HPD and methods to predict it remain unclear. Recognition of HPD always occurs after rapid tumor growth, which may be too late for patients. The sooner the ominous progression is identified, the quicker we can stop ICIs to rescue this small subset of patients. MDM2 amplification, specific EGFR mutations and older age may contribute to HPD. PD-1-positive Tregs and M2-like macrophages play important roles in HPD caused by PD-1 inhibitors, with obvious limitations and outstanding questions. There is still a need for research with larger sample sizes and deeper investigations.

At the present stage, distinct therapies such as EGFR TKIs, ICIs, cytotoxic agents, and radiotherapy should not be used in isolation. Various combinations are worth trying in animal studies. Even within ICIs, different combinations should be investigated to explore ways to increase efficacy and lessen severe side effects. Since HPD occurrence in anti-PD-L1 mAbs is around 18%, while it's around 4% in anti-PD-L1 mAbs combined with CTLA inhibitor (Table 2), we recommend combination therapy for patients with risk factors (for example: elder age and MDM2 amplification).

In conclusion, it is urgent to identify specific predictive markers that could predict HPD early after ICI treatment and to develop effective methods to prevent HPD, which requires further insight into the mechanisms of HPD.
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There is considerable clinical and fundamental value in measuring the clonal heterogeneity of T and B cell expansions in tumors and tumor-associated lymphoid structures—along with the associated heterogeneity of the tumor neoantigen landscape—but such analyses remain challenging to perform. Here, we propose a straightforward approach to analyze the heterogeneity of immune repertoires between different tissue sections in a quantitative and controlled way, based on a beta-binomial noise model trained on control replicates obtained at the level of single-cell suspensions. This approach allows to identify local clonal expansions with high accuracy. We reveal in situ proliferation of clonal T cells in a mouse model of melanoma, and analyze heterogeneity of immunoglobulin repertoires between sections of a metastatically-infiltrated lymph node in human melanoma and primary human colon tumor. On the latter example, we demonstrate the importance of training the noise model on datasets with depth and content that is comparable to the samples being studied. Altogether, we describe here the crucial basic instrumentarium needed to facilitate proper experimental setup planning in the rapidly evolving field of intratumoral immune repertoires, from the wet lab to bioinformatics analysis.
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INTRODUCTION

Analysis of T and B cell repertoires has become a valuable and powerful tool for characterizing the immune response, complementing other high-content approaches such as transcriptome analysis and mass cytometry (1–3). Both T and B cell repertoires have been shown to be predictive of survival for cancer patients (4–8) and for assessing response to checkpoint immunotherapy (9–13).

Immune repertoires allow for tracking lymphocyte lineages, and make it possible to trace the evolution and heterogeneity of anti-tumor immunity. For example, immune repertoire analysis has been used to reveal that most tumor-infiltrating regulatory T cells in human cancers originate in the thymus rather than from local conversion of conventional T cells (14–16). Tumeh et al. have shown that pre-existing tumor-infiltrating CD8+ T cell clones expand after PD-1 checkpoint blockade and this underlies the positive response of advanced melanoma patients to therapy (10). In contrast, more recent study of basal and squamous cell carcinoma treated with anti-PD-1 revealed clonal expansion of novel clonotypes that had not previously been observed in the tumor, but not of pre-existing tumor-infiltrating lymphocytes (TILs) (17). Based on limited available information on T cell repertoires, Zhao et al. have suggested that there is increased clonality (i.e., decreased diversity) of TILs after anti-PD-1 therapy in treatment-responsive cases of glioblastoma and decreased clonality (i.e., increased diversity) in non-responders (18). On the other hand, Schalper et al., made the determination based on (also limited) TCR repertoire information obtained using multiplex PCR from formalin-fixed paraffin-embedded (FFPE) block-extracted RNA that a decrease in T cell clonality in glioblastoma patients receiving the same treatment was associated with longer survival (19).

In one of the first deep sequencing-based efforts to estimate intratumoral T cell receptor (TCR) repertoire heterogeneity, Emerson and colleagues reported relatively high TCR repertoire similarity throughout ovarian carcinoma tumors in terms of clonal overlap (20). At the same time, in melanoma, it has been shown that TILs harvested from different tumor fragments possess different reactivity against melanoma-associated antigens, and that corresponding epitopes were typically found in the same tumor fragments as their cognate TCRs (21, 22), although these clones were present at low frequencies (21). Subsequent studies have revealed intratumoral heterogeneity of T and B cells in lung adenocarcinoma (6, 23, 24), esophageal squamous cell carcinoma (25, 26), colorectal (27), ovarian (28), breast (29), and pancreatic cancers (30).

In several recent studies, immune repertoires were analyzed in conjunction with genomic heterogeneity of tumor cells. These data revealed that immune surveillance evolves with the tumor, with certain T cell clones tracking tumor neoantigens both spatially and temporally and imposing selection pressure on the tumor (6, 23, 24, 27, 28). For B cells, the affinity maturation of immunoglobulins against tumor antigens was deduced from repertoire analysis (5, 7, 31), although no association with tumor clonality and evolution has been revealed to date.

One of the main complications in comparing immune repertoires between different timepoints and distinct tumor sections is that there is always some dispersion in clonal frequencies caused by sampling limitations. These can arise at the level of tissue sampling, T or B cell counts, the amount and quality of extracted genomic DNA (gDNA) or RNA, efficiency of cDNA synthesis and template molecules entrance into PCR amplification. The stochastic nature of PCR amplification further adds artificial dispersion. RNA-based TCR and immunoglobulin repertoire profiling is particularly informative in terms of assessing the functional activity of infiltrating T and B cells and local antibody production, especially given the ultra-high immunoglobulin expression levels seen in plasma cells. However, in such experiments, the cell-to-cell dispersion in expression levels can further increase the artificial repertoire heterogeneity originating from one or more randomly-sampled or under-sampled plasma cells or active effector T cells. These sources of natural and technical noise have to be taken into account and distinguished from actual repertoire differences.

Some of the aforementioned works employed replicates produced at the level of split gDNA samples. This potentially allowed the authors to control for the dispersion in TCR or BCR repertoire content arising from technical errors (20, 25, 26, 30), with the exception of sample-to-sample heterogeneities associated with the DNA extraction procedure and thus, importantly, differences in sampling depth. However, this information has not been implemented to build an appropriate noise model.

Here, we propose a straightforward approach for measuring the extent of TCR and immunoglobulin heterogeneity in tumor samples relative to internal controls in terms of baseline repertoire dispersion. This is estimated using tissue sample replicates that have been split at the level of homogenized cells. These replicates are then used to train a beta-binomial noise model, as suggested by Rytlewski et al., which is further used to exclude false positives amongst differentially represented clones (32).

We use this approach to demonstrate uneven clonal distribution of CD8+ T cells in poorly-infiltrated B16F0-derived tumors in a mouse model of melanoma (33). This is associated with clustered distribution of these cells within the tumor, based on multicolor fluorescent immunohistochemistry analysis, indicating local proliferation of CD8+ T cells in situ at the tumor site. Working with human tissue samples, we also demonstrate heterogeneous distribution of plasma cell clones in a lymph node heavily infiltrated by metastatic melanoma and in a primary colorectal tumor. We also show a scenario in which training with high quality, deeply-analyzed biological replicates may lead to identification of false-positive clonal expansions when analyzing more noisy samples of interest. This highlights the importance of replicas for correct repertoire comparison, and of careful use of this analytical tool.



RESULTS


Lymphocyte Infiltration Pattern of B16F0 Melanoma

The spatial clonal heterogeneity of TILs has not been thoroughly studied in mouse tumor models, and it is an intriguing question whether such heterogeneity exists and how it can affect repertoire-based analysis. Uncovering such heterogeneity could also shed light on sources of TILs for corresponding models. In order to reveal possible sources of TIL clonal heterogeneity within tumors, we first studied their patterns of distribution in mouse melanoma. Using multicolor IHC, we analyzed the distribution of CD4+/CD8+ T cells and B cells in whole tumor tissue slices from a B16F0 melanoma model. We found a common distribution pattern for all lymphocyte subsets, with prominent accumulation in the fibrous tumor capsule and in several large clusters within tumor nodes (Figure 1). The tumor capsule is characterized by a high density of immature, hyper-permeable blood vessels that facilitate lymphocyte infiltration (34), while surrounding loose connective tissue offers a perfect substrate for further lymphocyte migration (35). This may result in relatively non-specific lymphocyte accumulation in the surrounding tumor envelope. Prior work has also shown that T cells in tumor nodes are more clonal and associated with lower clonal diversity compared to stromal T cells in ovarian tumors (28).


[image: Figure 1]
FIGURE 1. Lymphocyte distribution in B16F0 mouse melanoma. (A) Overview image of the tumor and surrounding tissue labeled with H&E staining (left) or multicolor immunofluorescence (right). (B–D) show close-up of rectangles 1, 2, and 3 from panel (A). Green represents CD4+ T cells, cyan represents CD8+ T cells, red represents B220/CD45R+ B cells and blue indicates DAPI-stained nuclei. Yellow dashed curves outline subcutaneous fibrous tissue that constitutes the tumor capsule. Yellow dotted curves outline regions that surround vessel and are enriched in leukocytes. Cyan dotted curves on H&E images show blood vessels and capillaries that have no prominent leukocyte pockets. It should be noted that tissue structures are marked based on H&E images; these marks do not coincide directly with cells in the fluorescence images since these show different slices spaced ~20 μm apart.


Lymphocyte clusters within the tumor were also related to certain morphological structures, as revealed by comparison of fluorescently-labeled and histological slices. One common feature of these structures was the presence of a blood vessel within the pocket that almost exclusively contained leukocytes (Figure 1C). It should be noted that only about 25% of blood vessels within the tumor were so prominently surrounded by leukocytes. These are likely to be high endothelial venule pockets that have analogous histological appearance, and give rise to tertiary lymphoid structures (36–38). These intratumoral clusters of CD4+ and CD8+ T cells may originate from locally enhanced infiltration and/or local proliferation of clonal T cell populations. The latter would be expected to lead to a highly heterogeneous distribution of T cell clones across the tumor.



Pipeline for Measuring Heterogeneity and Local T Cell Expansion

To clarify the origin of observed clusters, we designed a pipeline that allows to measure the contribution of local clonal expansions to repertoire heterogeneity. This approach fully accounts for natural dispersion in clonal frequencies between samples that originates from sampling limitations and is unrelated to real clonal heterogeneity (Figure 2).


[image: Figure 2]
FIGURE 2. Pipeline for measuring the extent of local intratumoral T cell expansions. Control samples are generated by splitting the replicas at the level of single-cell suspension. Experimental samples are split at the level of tissue fragments.


We processed tumor masses using two alternative methods, both of which produce multiple single-cell suspensions. In the first setup (experimental), the tumor is dissected into four fragments of comparable size, and each fragment is processed independently. In the second setup (control), the whole tumor sample is first homogenized and filtered, after which the four replicates are split from the resulting PBS-washed single cell suspension. Further TCR repertoire profiling of these control samples allows to measure the natural sample-to-sample variation resulting from stochastic factors associated with cell sampling and sorting, cell-to-cell variation in TCR mRNA expression, and mRNA and cDNA sampling in the course of library preparation.

In these experiments, we were particularly interested in the nature of intratumorally-observed clusters of T cells. Therefore, we carefully cleaned the excised tumors from the collagenous envelope, including the fibrous tumor capsule shown in Figure 1, in order to focus our analysis on lymphocyte heterogeneity within the tumor parenchyma. It should be noted that our ability to estimate clonal frequencies—and thus the extent of correlation of these frequencies between replicates and distinct tumor sections—is intrinsically limited by sampling bottlenecks and the resulting depth of profiling in terms of cell counts and template gDNA/cDNA counts. Table 1 summarizes the number of sorted cells and unique UMI-labeled TCRβ cDNA molecules analyzed for each sample.


Table 1. Cells, molecules and clonotypes in replicates of B16F0-infiltrating T cells.
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Measuring Intratumoral Clonal Heterogeneity of T Cells

Seven melanoma-bearing mice were randomly subdivided into two groups with average tumor volume of 0.23 ± 0.7 (Mean ± SD) mm3 and 0.32 ± 0.11 mm3 for control and experimental group, respectively, and processed by either experimental procedure. After removal of outer tumor capsule density of T cell infiltration did not correlate with tumor volume and constituted 280 ± 150 cells per μl of tumor tissue.

We compared the correlation of clonal TCRβ frequencies for the replicates obtained using both setups. As expected, clonal frequencies were highly correlated between biological replicates in control tumor sections (Figure 3A, see https://figshare.com/s/3e89769057700942f6cd for all correlation scatterplots). The most abundant clones were of comparable frequency in all replicates. At the same time, this correlation was not ideal, and the extent of this disparity reflected the natural dispersion between hypothetically “identical” tumor replicates due to sampling effects and stochasticity during library preparation. In contrast, correlation of clonal frequencies between experimental tumor sections was significantly lower (Mann Whitney U-test, p < 0.0001; Figures 3B,C). This poorer correlation compared to the control method reflects the true heterogeneity between the analyzed samples, accounting for all of the technical limitations and bottlenecks.


[image: Figure 3]
FIGURE 3. Identification of CD8+ T cell clones heterogeneously distributed within tumor samples from a mouse model of melanoma. (A). The concentration of each TCRβ CDR3 clonotype in the first control sample is plotted against the concentration of the same clonotype in the second control sample. (B). The concentration of each TCRβ CDR3 clonotype in tumor section #3 (y-axis) is plotted against the concentration of the same TCR clonotype in tumor sections #2 and #4 (x-axis). Clonotype variants that were identified as significantly expanded in one of the tumor sections are shown in orange or blue. (C). Numbers of expanded or contracted clones between all pairs of repertoires in four experimental and three control tumor. (D). Pearson's r measurement of correlation between counts of clones present in each pair of control or experimental repertoires.


In some of the experimental tumor sections, particular CD8+ clones showed drastic expansion (Figure 3B). For example, the clonal TCRβ CDR3 variant CGARDWEDAEQFF occupied ~19% of the repertoire in tumor section #3 but <3% in the other sections. Similarly, CDR3 variant CASGDALGYEQYF occupied ~13% of the repertoire in section #3 vs. just 0.1–1.8% in the other sections. To statistically identify clonotypes that are differentially expanded across two tumor sections, we used an approach suggested by Rytlewski et al., in which a pair of control repertoires with medium numbers of clones was used to train a beta-binomial noise model. Using this model, we identified significantly contracted and expanded clones between each pair of repertoires (Figure 3C; Mann-Whitney U-test, p = 0.0001). Notably, such clones were only found in experimental samples, and never between control replicate samples. These results were stably reproducible in three control and four experimental tumor preparations (Figures 3C,D). Based on these findings, we concluded that the observed intratumoral clusters of CD8+ T cells (Figure 1) are probably formed by progeny of T cells that infiltrated the tumor via high endothelial venules, but then proliferated in situ to form relatively large local clonal expansions.

It must also be noted that such local clonal expansions were consistently identified almost exclusively among CD8+ but not among CD4+ T cells. In general, CD4+ T cells rarely form expansions as large as those formed by CD8+ T cells, reflected by lower clonality score (see Table 1). Thus, we believe that the sensitivity and accuracy of repertoire heterogeneity analysis is insufficient to reliably assess relatively minor clonal expansions that would be expected to intrinsically occur amongst CD4+ T cells. Analysis of larger lymphoid structures [e.g., tertiary lymphoid structures in human cancers (38)] should reveal statistically significant local CD4+ expansions.



Measuring Intratumoral Clonal Heterogeneity of B Cells

Heterogeneity of immunoglobulin repertoires across tumor tissues can be investigated in a similar fashion, with the caveat that immunoglobulin expression levels differ dramatically between naive, memory, and plasma B cells by an average ratio of ~2:5:500 (40), with high dispersion between B cell clones and individual cells. The RNA-based analysis of immunoglobulin repertoires mainly provides functional information on the relative abundance of locally produced clonal antibody variants and the most activated effector B cell receptor (BCR) distributions—mixed together, if functional B cell subsets were not sorted first. Thus, questions related to clonal composition of infiltrating B cells—irrespective of their functional activity—should be preferably studied with DNA-based immunoglobulin profiling.

Here, we studied - at the RNA level - immunoglobulin heterogeneity in a sample from the metastatically-infiltrated lymph node of a patient with cutaneous melanoma. We used a modified experimental scheme that compares two tissue sections, with the advantage of having two internal controls and four independent experimental comparisons (Figure 4). According to flow cytometry analysis, CD45+ leukocytes constituted 17.7 and 4.8% of all cells in analyzed fragments, of which 28 and 25% were CD19+ B cells, respectively. CD20-CD38+ plasma cells constituted 11.5 and 21.6% of all B-cells. Fragments were comparable in size, and the number of cells we isolated was also comparable (7,500 and 4,700 plasma cells in total).


[image: Figure 4]
FIGURE 4. Alternative pipeline for measuring the extent of local intratumoral expansions. Experimental samples are split at the level tissue fragments. Each experimental fragment is further split into replicas at the level of single-cell suspension.


As expected, clonal frequencies correlated well between replicates from the same section (Figure 5A). In contrast, samples from different tumor fragments showed much lower correlation, as we observed for TCR repertoires from murine tumors. For example, the IGH CDR3 clonal variant CARSGGYFDWGFFDYW occupied 9.9% of the repertoire in tumor fragment X, but represents <0.1% in fragment Y. Likewise, clonal variant CARVGTGTKSFDYW occupied 9% of the repertoire in fragment Y and only 3.5% in fragment X (Figure 5B). Clonal expansions were identified only when comparing the samples obtained from X and Y fragments (Figure 5C), and lower correlation of clonal frequencies between X and Y fragments compared to replicate samples allowed to estimate the level of immunoglobulin heterogeneity (Figure 5D).


[image: Figure 5]
FIGURE 5. Estimating immunoglobulin repertoire heterogeneity within a melanoma-infiltrated lymph node. (A) The concentration of each IGH CDR3 clonotype in one part of fragment is plotted against the concentration of the same clonotype in the other part of that fragment after being split at the level of homogenized cells. (B) Pairwise comparison of the four repertoires obtained from two fragments of the tumor. Red circles indicate clonotypes independently identified as expanded in all four comparisons. Blue color shows clonotypes expanded in tumor fragment Y, orange—in fragment X. (C) Number of expanded or contracted clones between pairs of control or experimental repertoires. (D) Pearson's r measurement of correlation between counts of clones present in each pair of control or experimental repertoires. (E) Isotype proportions in replicates of the two analyzed fragments.


Along with the composition, clonality, and hypermutation of intratumorally-produced antibodies, the proportion of distinct antibody isotypes may also be a crucial parameter with prominent prognostic value, as has been shown for human melanoma and subtypes of lung adenocarcinoma and bladder cancer (5, 8). Like clonal frequencies, isotype proportions are heterogeneous across tumor tissue and subject to sampling noise, but also generally correlate well between replicates produced at the level of single-cell suspensions (Figure 5E). Thus, the findings above are equally applicable to the study of the heterogeneity of the isotypic composition of antibodies produced in tumor tissues and the correlation of this heterogeneity with unevenness of the immune landscape.



Noise Models Must Be Trained on Datasets of Comparable Depth

We next repeated the whole pipeline to assess immunoglobulin heterogeneity in human colon cancer sections, using the same experimental design shown in Figure 4. According to flow cytometry estimates CD45+ leukocytes constituted 35–45% of all cells in analyzed section and consisted predominantly from lymphocytes (70–80%), that in turn contained 20–40% of CD19+ B cells. Remarkably, both sections contained unusually high proportions of CD19+CD20−CD38+ plasma B cells among all CD19+ B cells, on the order of ~50%, suggesting the presence of tertiary lymphoid structures (38). It is also important to note here that in spite of similar volume of the two sections, the total number of isolated cells was significantly different (~1 million vs. 10 million). As a result the two sections contained very different numbers of CD19+ B cells and plasma cells, with about 50,000 in fragment X and about 500,000 in fragment Y (Table 2).


Table 2. Immunoglobulin repertoires from melanoma lymph node samples and colon cancer samples.
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Both replicates from fragment Y contained high numbers of plasma cells, providing excellent statistics for the accurate identification of clonal frequencies (Figure 6A). We trained the noise model on these replicates, and used it to estimate heterogeneity between the X and Y fragments. This analysis identified considerable heterogeneity and lots of clonal expansion, as expected (Figure 6B). However, when we applied the trained model to the replicates obtained from fragment X, we were disappointed to observe a number of false-positive clonal expansions in both X1 and X2 (Figures 6C,D). Thus, we concluded that since the X1 and X2 replicates were less rich in cells and correlated poorly with the beta-binomial noise model trained on a pair of extra-deep control repertoires (Y1 and Y2), this model must be erroneously identifying statistically significant clonal expansions.


[image: Figure 6]
FIGURE 6. Estimating immunoglobulin repertoire heterogeneity between two sections of colon cancer tissue. (A) Frequencies of IGH CDR3 clonotypes in the Y1 and Y2 replicates, which were split at the level of homogenized cells. (B) Pairwise comparison of the four experimental repertoires obtained from two fragments and two replicates. (C) Frequencies of each IGH CDR3 clonotype in X1 and X2 replicates, which were split at the level of homogenized cells. Orange and blue circles show clonotypes that were erroneously identified as expanded between the two replicates, using a beta-binomial noise model trained on the replicates of fragment Y. (D) The number of expanded or contracted clones between control and experimental pairs of repertoires. (E) Pearson's r correlation between counts of clones present in each control and experimental pair of repertoires.


This experiment clearly shows how easy it is to make a mistake in interpreting data pertaining to local immune repertoire clonality, even in an apparently well-controlled experimental setup. Training on replicates of appropriate and comparable depth, both in terms of cell counts and TCR/immunoglobulin cDNA molecule counts, is therefore critical. For identification of immunoglobulin clonal expansions at the mRNA level, which mainly reflect clonality of locally-produced antibodies (5), we recommend training noise models on replicates containing comparable numbers of plasma cells among all samples of interest.

Nevertheless, we observed a prominent difference between the X and Y subsections, and note that the extent of miscorrelation differed significantly between experimental (X1/Y1, X2/Y1, X2/Y1, X2/Y2) but not control (X1/X2, Y1/Y2) samples (Figure 6E). Thus, the proposed approach is relatively stable against additional noise resulting from limited sampling depth when used to estimate the heterogeneity of immune repertoires between tumor sections based on general miscorrelation of clonal frequencies.




DISCUSSION

It is difficult to measure immune repertoire heterogeneity in terms of relative overlap between repertoires sampled from different parts of the same tumor. Take the example of two tissue sections that initially contain identical repertoires of 100 different T cells where each clone is represented by a single cell. If, in our experimental setup, we were to sample a repertoire of 10 T cells from each section, the overlap would typically comprise 1 TCR variant—i.e., 10% of each sample. If we sampled 50 T cells from each sample, the overlap would grow to 25 variants, or 50% of the repertoire. If we sampled all T cells, the overlap would reach 100%. This simplistic example clearly shows that measurements of repertoire overlaps between tissue sections, T or B cell subpopulations, or time points strongly depend on the depth of repertoire analysis in terms of the number of sampled cells and TCR/immunoglobulin molecules (41). One possible way to analyze relative repertoire overlap across sections is normalization of profiling depth, by downsampling to the same number of analyzed cells or UMI-labeled template TCR or immunoglobulin cDNA/gDNA (39).

Furthermore, a clone present in multiple samples should not be simply defined as being ubiquitously present, since its frequency may differ in terms of order of magnitude. On the other hand, no clone can be defined as non-ubiquitously present, since any given clone could be easily lost in analysis due to sampling limitations.

Prominent cell-to-cell differences in TCR and (especially) immunoglobulin expression levels, inaccuracies in RNA extraction and library preparation, and the stochastic nature of PCR amplification all contribute to degradation of repertoire data quality, and this noise contribution is increased at limited sampling volumes. These considerations dictate that appropriate noise models should be trained on replicates obtained at the level of single-cell suspensions, and that such training should be performed on replicate samples in which T or B cell numbers and expression levels are comparable with those of the samples of interest.

The approach that we propose here addresses both issues, enabling (1) estimation of repertoire heterogeneity across and between tumor tissues, and (2) identification and quantification of locally expanded TCR or immunoglobulin clonotypes. The approach controls for the sampling limitations in a given experimental setup, and allows one to quantitatively judge the extent of repertoire heterogeneity in terms of miscorrelation in clonal frequencies between two samples, as compared to the correlation between control replicates obtained at the level of split single-cell suspensions from the same sample.

This approach can also be used to unequivocally identify the number of locally expanded clonotypes and measure the extent of their expansion. Although one cannot conclude whether a particular T or B cell clone is absent in a tumor section under the proposed conditions, it is possible to determine whether a particular clone is locally expanded to a statistically significant extent. The number and size of such local expansions can be measured and compared between different tumor sections, time points, patients, or tumor subtypes.

Linking tumor (42) and immune heterogeneity is critical since local lymphocyte expansions may correlate with the presence or absence of corresponding immunogenic epitopes, that, in turn, may determine the efficiency or inefficiency of immune response against the whole heterogeneous tumor. Therefore, reliable detection of locally expanded T or B cell clones may have important practical applications.

On the one hand, in contrast to the analysis of averaged bulk repertoire of tumor-infiltrating lymphocytes, identification of locally dominant T or B cell clonal expansions may reveal efficient immune response to particular tumor-associated antigens or neoantigens present in a tumor section (21–23, 28). Therefore, reliable capturing of such local expansions could help to reveal tumor-specific T and B cell clones, facilitating development of adoptive T cell and CAR-T therapeutic approaches. Interestingly, detection of tumor-specific TCRs can be further improved if convergent clones targeting the same epitope are found (43).

Second, T and B cell clonal heterogeneity may reflect the overall heterogeneity of immunogenic targets across the tumor. The T cell pressure can sculpt the antigenicity of tumors escaping from immune control (44). At the same time, tumor heterogeneity may be associated with poor prognosis (45, 46), either due to its higher evolutionary flexibility or antigen “dilution”. The rational way to cope with this intrinsic heterogeneity of permanently evolving tumor is to simultaneously target multiple antigens which distribution across the tumor tissues is non-uniform. Identification and engagement of multiple locally expanded T cell clones from distinct tumor sections could potentially assist in such work.

Along with T cell clonality, B cell expansion was also shown to correlate with response to checkpoint immunotherapy (47, 48). Screening of antibodies reconstituted from circulating plasmablasts of responding patients revealed that many of them bind to non-autologous tumor tissues (11). Hence using B cell clones that are locally expanded before or after therapy could substantially narrow the panel of antibodies with potential reactivity against tumor antigens.

The hopes of today's oncology researchers are, to a great extent, connected with progress in the study of immune repertoires, and the development of methods for the reliable and rapid identification of predictive immune signatures and therapeutically relevant T and B lymphocyte clones. The ability to reliably judge the degree of heterogeneity of immune repertoires and capture local clonal expansions will be an important component of these efforts, and we thus hope that our work will become a useful advance along this yellow brick road.



METHODS


Murine Tumor Model

Experiments were carried out on C57BL/6 female mice aged 3–5 months. Tumors were generated by subcutaneous (s.c.) injection of 105 B16F0 cancer cells in 300 μL PBS into the left flank. B16F0 melanoma cells were grown in DMEM medium supplemented with 10% fetal bovine serum (FBS), 0.06% L-glutamine, 50 units/mL penicillin and 50 μg/mL streptomycin. Cells were incubated at 37°C and 5% CO2, and passaged 2–3 times per week. Right before injection, cells were detached by trypsin, counted, and resuspended at a final concentration of 106 cell in 3 mL PBS. After 3 weeks, ~60% of tumors reached a size of ~1 cm. Mice with linear tumor size ranging from 0.5 to 1.2 cm were sacrificed with isoflurane (Esteve, Italy) in a single day and tumors were surgically removed and prepared for further analysis. All experiments on animals were carried out in accordance with the National Institutes of Health (NIH) Guide for the Care and Use of Laboratory Animals (NIH Publications No. 8023, revised 1978). The experimental protocol was approved by the Ethical Committee of the Privolzhsky Research Medical University Academy, Russia (EC #6, granted April 17, 2019).



Mouse Melanoma Resection and Lymphocyte Isolation

Freshly-excised tumors were thoroughly cleaned from the outer tumor capsule and either cut into pieces or processed as a whole. For lymphocyte isolation, excised tumor nodules or tumor fragments were homogenized with a gentleMACS dissociator (Miltenyi Biotec, Germany) and incubated in 1–2 mL RPMI medium supplemented with 417 μg/mL Liberase TL (Roche, Germany) and 10 μg/mL DNase I (Roche, Germany) for 30 min at 37°C in a shaker. After dissociation, cell suspensions were passed through a 70 μm cell strainer and washed twice with 5 mL of incubation buffer (PBS pH 7.2, containing 0.5% bovine serum albumin and 2 mM EDTA). Cell pellets were resuspended in 100 μL of incubation buffer with the following antibodies (2 μL each): CD45-PerCP/Cy5.5 (Clone 30-F11, BioLegend), CD3-APC (Clone 145-2C11, BioLegend), CD4-V450 (Clone RM4-5, BD Biosciences), CD8a-APC/Cy7 (Clone 53.6–7, BioLegend), CD19-PE/Cy7 (Clone 6D5, BioLegend). Four hundred microliter of incubation buffer was added after 45–120 min staining at 4°C. CD3+CD4+ and CD3+CD8+ subsets were sorted with a FACSAria III cell sorter (BD Biosciences) using an 85 μm nozzle directly into 200 μL RLT cell lysis buffer (Qiagen). After sorting, the samples were vortexed and then maintained at room temperature for 10 min to ensure cell lysis before storing at −20°C.



Immunohistochemical Staining and Analysis

Immunohistochemical (IHC) analysis of mice tumors was done using Zn-fixed paraffin-embedded tissue slices prepared as described previously (49). Briefly, a 2–3-mm-thick piece was cut from the side of the tumor with the cutting plane perpendicular to the skin, and then transferred into formalin-free Zn fixative (BD Bioscience) for 48 h at 22°C. After fixation, tumor samples were washed twice with PBS, dehydrated with eight consecutive isopropyl alcohol (Isoprep; Biovitrum, Russia) baths at 22°C for 1 h each, followed by 1 h in Histomix paraffin (Histomix, Biovitrum) at 57°C, end embedded into fresh paraffin. 4-μm-thick tissue slices were cut parallel to the cut-off plane using a RM2245 microtome (Leica, Germany) and transferred to Superfrost Plus Gold Slides (Thermo Scientific). For staining, slices were deparaffinized by 2 min incubation in Xylol (twice), 96% ethanol (twice), 70% ethanol, and ddH2O. These slides were then processed further either for hematoxylin and eosin (H&E) staining or for multicolor IHC staining.

For IHC staining, slides were dried and marked with a hydrophobic barrier pen (Diagnostic BioSystems), then washed in TBST buffer (Cell Marque, USA) for 5 min and blocked with 5 mg/mL casein (PerkinElmer) in TBST for 30 min at RT. Pre-dissolved primary and secondary antibodies or streptavidin were added directly into blocking solution in a dropwise manner. The following primary antibodies, dilutions, and incubation conditions were used: 1:500 anti-CD4 clone EPR19514 (Abcam), overnight at 4°C; 1:250 biotinylated anti-CD8 clone 53.6–7 (BioLegend), 2 h at RT; and 1:250 biotinylated anti-CD45R/B220 clone RA3-6B2 (BioLegend), 2 h at RT. After staining, slides were washed twice in TBST for 5 min, blocked with 5 mg/mL casein in TBST for 10 min at RT, and then incubated for 1 h at RT with 1:1,000 HRP-labeled secondary antibodies (PerkinElmer) or 1:200 HRP-labeled streptavidin (PerkinElmer) in blocking solution. After secondary antibodies the slides were then washed twice in TBST for 5 min and incubated with a 1:75 dilution of Opal TSA reagent (PerkinElmer) in amplification diluent (PerkinElmer) for 10 min at RT. Primary antibodies and Opal reagents were used in the following order and combinations: anti-CD4 with Opal520, anti-CD8 with Opal570, and anti-CD45R/B220 with Opal650. Opal-treated slides were washed once with TBST for 5 min and processed for antibody stripping and re-staining. For antibody stripping, slices were submerged for 10 min in 0.1 M glycine solution (pH 10.0) and then washed once in TBST before re-staining. After antibody staining was complete, 3 μg/mL DAPI was applied in PBS buffer for 10 min, followed by a 5 min wash in ddH2O. Slices were immersed in glycerol and covered with a coverslip that was fixed with a nail polish. Fluorescent images of whole slices were acquired with a 10X objective (NA0.45) on an Eclipse Ti microscope (Nikon, Japan) with an Andor Neo high dynamic range sCMOS camera (ANDOR, UK). The following excitation and emission filters were employed: 377/50 and 447/60 for DAPI, 480/40 and 535/50 for Opal520, 525/50 and 600/50 for Opal570, and 620/60 and 705/72 for Opal650. Whole slices were scanned in multi-point acquisition mode with NIS Elements software (Nikon, Japan) with 10–20% image overlap. To obtain multicolor images of the whole slice, single-color images were stitched with the MIST plugin for ImageJ (50) and overlaid.

H&E staining was done with Mayer's hematoxylin and eosin (Biovitrum, Russia). Whole tissue slices were scanned with a DM2500 microscope (Leica) equipped with motorized stage (Märzhäuser Wetzlar, Germany) using a 20X objective (NA0.4) and LAS software. Images were stitched with the MIST plugin.



RNA Isolation From Human Tumor Samples

Melanoma material was obtained at N.N. Blokhin Russian Cancer Research Center (Moscow, Russia) from 81 y.o. female patient with stage IIID melanoma (from metachronic inguinal lymph node metastasis). Samples of primary colorectal tumor were collected at Volga District Medical Center (Nizhniy Novgorod, Russia) from a 54 y.o. patient with a stage 4 tumor and metastases in liver and lungs. This study was carried out in accordance with ICH-GCP. The protocol was approved by the Ethical Committees of the Volga District Medical Center under Federal Medical and Biological Agency and of N. N. Blokhin Russian Cancer Research Center of Ministry of Health of the Russian Federation. All specimens were taken with patients' written informed consent.

For analysis of BCR heterogeneity in human metastatic melanoma, an excised lymph node that was fully invaded by tumor metastasis was first cleaned of surrounding connective and fatty tissue. The tumor was cut into two pieces, which were then processed separately. tumor pieces were cut into smaller pieces and incubated in 1–2 mL RPMI medium supplemented with 417 μg/mL Liberase TL (Roche, Germany) and 10 μg/mL DNase I (Roche, Germany) for 30 min at 37°C in 5% CO2. Samples were then homogenized with a gentleMACS dissociator (Miltenyi Biotec, Germany). After dissociation, cell suspensions were passed through a 70 μm cell strainer and washed twice with 50 mL of PBS (pH 7.2) containing 0.5% bovine serum albumin and 2 mM EDTA. The pellets were resuspended in PBS at a concentration of 5 × 105 cells/100 μL. Two replicates of 50 μl cell suspension was lysed in 350 μl of RLT cell lysis. Colorectal tumor sections were processed similarly with minor modifications (e.g., homogenization with gentleMACS was performed before incubation in Liberase TL and DNase I). Two 500–1,000 μm3 colorectal tumor sections were taken from distant regions of the primary tumor, which were ~3 cm apart.



Immune Repertoire Analysis

TCR repertoire profiling was performed with a unique molecular identifier (UMI)-based 5′RACE kit (MiLaboratory), similar to described in Egorov et al. (51). Obtained TCR beta CDR3 clonesets are deposited on Figshare (https://figshare.com/s/98d3d72668acabe91a64). Immunoglobulin heavy chain CDR3 repertoire profiling was performed with UMI-based 5′RACE as described in Turchaninova et al. (40). Sequencing was performed on an Illumina MiSeq in 150 + 150 nt paired-end mode. UMI-based clustering of raw sequencing reads was performed with MiNNN software (https://github.com/milaboratory/minnn). CDR3 repertoire extraction was performed using MiXCR (5, 52, 53). Analysis of differential expression between samples was performed as suggested by Rytlewski et al. (32). Only clonotypes having three UMIs or more were used for differential expansion testing.
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Colorectal cancer occurrence and progression involve multiple aspects of host immune deficiencies. In these events, immune cells vary their phenotypes and functions over time, thus enabling the immune microenvironment to be “tumor-inhibiting” as well as “tumor-promoting” as a whole. Because of the association of tumoricidal T cell infiltration with favorable survival in cancer patients, the Immunoscore system was established. Critically, the tumoral Immunoscore serves as an indicator of CRC patient prognosis independent of patient TNM stage and suggests that patients with high Immunoscores in their tumors have prolonged survival in general. Accordingly, stratifications according to tumoral Immunoscores provide new insights into CRC in terms of comparing disease severity, forecasting disease progression, and making treatment decisions. An important application of this system will be to shed light on candidate selection in immunotherapy for CRC, because the T cells responsible for determining the Immunoscore serve as responders to immune checkpoint inhibitors. However, the Immunoscore system merely provides a standard procedure for identifying the tumoral infiltration of cytotoxic and memory T cells, while information concerning the survival and function of these cells is still absent. Moreover, other infiltrates, such as dendritic cells, macrophages, and B cells, can still influence CRC prognosis, implying that those might also influence the therapeutic efficacy of immune checkpoint inhibitors. On these bases, this review is designed to introduce the Immunoscore system by presenting its clinical significance and application in CRC.
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INTRODUCTION

Colorectal cancer (CRC) is a cancer with a high incidence in industrialized countries. Epigenetic and genetic events are inherently involved in CRC pathogenesis (1). In addition, habits and customs also influence this process, such as a high-fat diet, excessive intake of red meat, smoking, and drinking. Currently, surgery, radiotherapy, and systematic therapy have become the standards of care for CRC patients (2, 3). With the introduction of these approaches, a multidisciplinary treatment decision can be made to manage CRC patients, and most patients can benefit from comprehensive therapies. As such, the 5-year survival rate of CRC patients has reached over 50% in most regions worldwide (4).

Traditionally, the TNM staging system is the most available tool for comparing disease severity and predicting the prognosis of CRC. As more advances and insights into CRC heterogeneity and molecular characteristics are gained, other indexes have been introduced to discriminate CRC prognosis, such as RAS or BRAF mutations, and the microsatellite status in tumors (5). More comprehensively, the molecular subtypes of CRC have been stratified by using next-generation sequencing (NGS) technology (6). Accordingly, the CRC patients in each subtype differ in their prognoses (6). Beyond a doubt, profiling of the CRC molecular characteristics will enable treatment decisions to be more precisely and personally made. However, currently, there is still a lack of valid evidence suggesting that NGS-based CRC diagnosis and treatment will improve the prognosis of patients.

Beyond identifying the molecular events occurring in tumor cells, more efforts have been made in profiling the tumor microenvironment in recent years. Herein, characterizing the immune status of tumors is more attractive, because cancer occurrence and progression exhibit a high association with deficiencies, such as immune defense, immune surveillance, and immune homeostasis. In the published studies, several methods concerning the identification of CRC immune status have been established, such as calculating the derived neutrophil to lymphocyte ratio (dNLR) (7), determining the Crohn's-like lymphoid reaction, peritumoral lymphocytic reaction, and intra-tumoral periglandular reaction plus the density of TILs (8), and evaluating the tumoral Immunoscore (9). Among them, the Immunoscore system is the most reliable because several lines of evidence have revealed that tumoral Immunoscores can independently determine CRC prognosis (9). Based on the ability of the T cell subsets, including Th1, cytotoxic T, and memory T cells, to cause tumor shrinkage, the densities of CD3+CD45RO+ memory T cells and CD3+CD8+ cytotoxic T cells either in the tumor center (CT) or in the tumor invasive margin (IM) were included into this system (9). Herein, if any region is strongly positive for memory T cells or cytotoxic T cells, senior pathologists will assign a score of 1, thus enabling Immunoscores to reach 0–4 points (9). In addition to predicting CRC prognosis, the system requires less techniques and costs; thus, clinicians and pathologists recommend it as a routine evaluation for CRC patients in the clinical setting (9).

Immunotherapy has opened a new era of cancer treatment. The therapeutic efficacies of immune checkpoint inhibitors targeting PD-1, PD-L1, and CTLA-4 are being investigated across cancers. Also being explored are the microsatellite instability (MSI) and deficient mismatch repair (dMMR) statuses, which appear to be credible biomarkers for selecting CRC patients who will benefit from immune checkpoint inhibition (10, 11). Critically, the T cells represented in the Immunoscore system have tumoricidal functions, and they serve as responders to immune checkpoint inhibitors due to their positive expression of PD-1 or CTLA-4. In this regard, can the Immunoscore become a biomarker for candidate selection in immunotherapy? Current data indicate that evaluating T and B cell densities in CRC tumors exhibits higher accuracy than evaluating PD-L1 expression in predicting the effectiveness of immunotherapy (12), because PD-L1 can be heterogeneously expressed within diverse regions of a tumor (12). Moreover, especially in metastatic CRC, the lesions can have variable Immunoscores (12). Meanwhile, other immune infiltrates, such as Tregs, dendritic cells, and macrophages, might also influence the immune landscape in a CRC tumor (13). This is merely a pitfall of the Immunoscore system. In this review, we will discuss all of the aforementioned issues.



IMMUNOSCORE: AN INDEPENDENT FACTOR DETERMINING CRC PROGNOSIS

Tumoral infiltration of T cells has been to be a prognostic factor across several cancers (14). In the past two decades, studies have confirmed the association of high densities of CD3CT+IM+, CD45ROCT+IM+, GZMBCT+IM+ (granzyme B, a hallmark of cytotoxic T cells), and CD8CT+IM+ T cells with prolonged disease-free survival (DFS) and overall survival (OS) of patients with localized CRC (15–19) (Table 1). In addition, Immunoscores can be used to predict the prognosis of CRC patients with metastases. As with primary tumors, metastatic tumors with 3–4 points predict CRC patients with better prognosis than those tumors with 0–2 points (20). Alternatively, calculating primary and metastatic tumor Immunoscores jointly will be more precise in predicting CRC prognosis than calculating the score in one site (24). However, recent studies have confirmed that metastatic tumors commonly differ from each other, even in the same patient, suggesting that the metastatic tumor possessing the lowest score determines the DFS of the patient (12, 21).


Table 1. Landmark studies indicating the value of Immunoscore in predicting CRC prognosis.
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The above data specify the basic role of the Immunoscore in predicting CRC prognosis. Here, the clinical significance of the Immunoscore in CRC prognosis determination is addressed. In order to illustrate this issue, we should take the MSI phenotype as a comparison, because this phenotype has been reported to be the immune subtype of CRC (6). In theory, CRC tumors with MSI phenotypes commonly possess high densities of tumoricidal T cells due to the abundance of neoantigens from frequent frame-shift mutations occurring in tumor cells (25). Moreover, prospective studies have confirmed the therapeutic effects of immune checkpoint inhibitors on metastatic CRC with the MSI phenotype (10, 11), and MSI testing has been recommended for selecting CRC patients who can benefit from immune checkpoint blockade (2). Concerning the prognostic value of MSI in CRC, a study reported that among all molecular subgroups of CRC, patients with MSI phenotypes can have their prognoses at a moderate level (6), however, their prognoses will get worst after tumor relapse (6). Moreover, when comparing the abilities of the Immunoscore and an MSI phenotype in predicting the prognosis of CRC patients, significant discrepancies still exist in predicting the prognosis of CRC patients; that is, the MSI phenotype suggests that patients with low scores (0–2 points) still exhibit shorter DFS and OS than those with high scores (3–4 points) (22). In this regard, Immunoscore exhibits the superiority to MSI phenotype in predicting CRC prognoses. In addition, patients with microsatellite stability (MSS) or an MSI phenotype also present comparable DFS and OS values when they share similar Immunoscores in their tumors, thus confirming that the prognosis of CRC patients depends on the Immunoscore rather than on MSI or MSS status (22). Actually, the Immunoscore exhibits value in predicting CRC prognosis regardless of several other factors, such as patient sex, tumor-associated occlusion or perforation, TNM stage, histologic grade, mucinous colloid type, vascular emboli of tumor cells, lymphatic invasion, perineural invasion, and the genomic alteration pattern of CRC cells (15, 22, 23). Thus, these data confirm that the Immunoscore is able to independently determine the prognosis of CRC patients.



IMMUNOSCORE: APPLICATIONS IN THE CLINICAL SETTING

Evaluating tumoral Immunoscores indeed provides novel insights into the prediction of CRC prognosis. What are the latent applications of this system in clinical settings? The TNM staging system for comparing CRC severity mainly relies on indexes, including tumor invasion depth, number of involved regional lymph nodes, and the type of distant organs involved. However, it is common to observe that CRC patients differ in their prognoses even if they have the same disease stage. Referring to the relationship between Immunoscore and TNM stage, it has been revealed that the Immunoscore generally decreases as the TNM stage increases (26). However, Immunoscores are heterogenous even in CRC tumors of the same TNM stage (26). Moreover, albeit at a low incidence, a certain portion of cases at advanced stages still possess high Immunoscores in their tumors, favoring prolonged patient survival (26). In this regard, introducing Immunoscores into the TNM staging system should enable the prediction of CRC prognosis to be more informed. In particular, if patients at early stages have rapid disease progression, the Immunoscore will assist in this context. As documented, about 20–25% of CRC patients at early stages can have relapse in their disease after surgery, indicating the surgery alone is not sufficient for treating their disease (9). Herein, it has been reported that early-staged CRC patients with tumoral Immunoscore at 0–2 points exhibit high risks of disease relapse (18). Thus, adjuvant therapies are encouraged to be included to improve their prognosis (9). In fact, this situation is more applicable for patients at stage II (27), because the most heterogeneous Immunoscores are present at this stage (15). Nowadays, duplet chemotherapy has been used as an adjuvant therapy for high-risk stage II colon cancers, which are characterized by the presence of at least one of the criteria including pT4 tumor; G3; bowel obstruction or perforation; vascular, lymphatic, or perineural invasion on histologic specimens; and fewer than 12 nodes examined. Apart from these risk factors, we propose the Immunoscore should be taken into account to enable the treatment decision more precisely and personally, especially for those early cases without aforementioned risk factors but only with low Immunoscores in their tumors. Nevertheless, to determine the value of Immunoscores in combining adjuvant therapies or not in early-staged CRC, extensive work should be done in the future.

In addition to adding value to the TNM staging system, the tumoral Immunoscore can be boosted by using conventional treatment strategies. For example, neoadjuvant chemoradiotherapy (nCRT) is strongly recommended as a downstaging therapy for local advanced rectal cancer (LARC) (3). Herein, some retrospective studies have revealed that nCRT is able to increase the tumoral densities of CD8+ T cells among some LARC tumors (28–30). Tumor control after nCRT is mostly due to direct cytotoxic effects, T cell infiltration might be a by-product. Thus, it is reasonable to speculate that nCRT potentially improves the immune milieu of a CRC tumor because of the increased tumoral infiltration of CD8+ T cells. On this basis, a phase 2 trial was designed to investigate the downstaging efficacy of nCRT followed by immunotherapy in LARC, and the preliminary results report that ~30% of enrolled patients have achieved pathological complete remission (pCR) after receiving five cycles of nivolumab post-nCRT (31). Hopefully, such a strategy will cause significant clinical complete remissions (cCRs) among a portion of LARC patients. cCR certainly benefits those patients who are willing to undergo the “watch and wait” strategy rather than immediate surgery, because pooled analysis results reveal that the LARC patients with cCRs post-nCRT have a 5-year survival rate of 100% (32). Tumors in the rectum have a low incidence of MSI phenotype (33), and thus, monitoring the Immunoscore before and after nCRT will be helpful in the selection of patients who can potentially benefit from immune checkpoint inhibitors. At least, a study had revealed that CRC tumors with high Immunoscore have a significant overrepresentation of the frequency of cells expressing PD-1 in CT and IM, as well as increased expression of PD-1 mRNA (22). More strikingly, this study also found that about 50% of MSS tumors could have a high Immunoscore (22). In this regard, Immunoscore can become an available biomarker in selecting the candidates benefiting from immune-checkpoint inhibitors.



IMMUNOSCORE IN GUIDING IMMUNOTHERAPY: ADVANTAGES AND PITFALLS

Currently, the available biomarkers for immunotherapy success include PD-L1 expression by tumor cells, tumor mutational burden, and deficient mismatch repair (dMMR) and MSI phenotypes (34). In current clinical trials, CRC patients with dMMR or MSI phenotypes are mostly encouraged to receive immunotherapy. Yet, the data from phase 3 trials indicate that not all of these patients will acquire full benefit from immune-checkpoint inhibitors (10, 11), thus revealing a pitfall of using MSI or dMMR in the selection of immunotherapy candidates. Nevertheless, it has been proposed that the Immunoscore will provide perspectives in guiding the application of immunotherapy (9). Technically, similar to other biomarkers, the Immunoscore evaluation is easy to perform and involves immunohistochemistry staining (9). Moreover, retrospective data have confirmed that Immunoscores have higher accuracy than MSI status (22) and PD-L1 (12) in reflecting the immune status of CRC tumors. However, the Immunoscore system still exhibits drawbacks, because it contains no information concerning the survival, function, and metabolic processes of T cells or their interactions with surrounding substances in tumors (27). For example, IL-15 deficiency has been reported to impair the proliferation and survival of T cells in CRC tumors, potentially limiting an increase in Immunoscore (35). Currently, trials evaluating the accuracy of the Immunoscores in selecting immunotherapy candidates in CRC are lacking. Therefore, it is difficult to determine the shortcomings of this system in guiding the application of immunotherapy in CRC.



IMMUNE INFILTRATE: CUEING THE IMMUNE LANDSCAPE OF CRC

In comparison with the Immunoscore, immune landscape profiling appears to be more promising, because it has been accepted that CRC-associated immune infiltrates can vary their phenotypes in a spatiotemporal manner (12, 13). Especially in metastatic cases, not only should the most prominent type of immune infiltrates be identified synchronously in primary and metastatic sites (12) but also the main biological processes at play in these cells should be targeted in a given period (36). For example, it has been demonstrated that in metastatic CRC, the tumor bearing the fewest tumoricidal immune infiltrates exhibits the highest risk of relapse (12). In this regard, it is reasonable to speculate that the responses to immunotherapy among metastatic tumors will vary. In the following sections, the potential impacts of several critical infiltrates on the effectiveness of immunotherapy and CRC prognosis will be discussed (Figure 1 and Table 2).
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FIGURE 1. The impact of immune infiltrates on colorectal cancer cell death. In CRC tumors, immune infiltrates can impact CRC cell death, either directly or via tumoricidal T cells (TCT) and consequently affect tumor progression. For example, cytotoxic T cells, M1-like macrophages and NK cells can exert cytolytic effect on CRC cells. For other populations of cells, such as Treg, B cells, dendritic cells or M2-like macrophages, they generally impact CRC cell death by mediating the tumoricidal activity of TCT cells. Herein, Treg, regulatory B cells, immature dendritic cells and M2-like macrophages enable TCT cells to be exhausted, thus causing substantial progression in CRC tumors. By contrast, mature dendritic cells, activated or memory B cells generally induce TCT cell activation, thus causing tumor cell death.



Table 2. Immune infiltrate-dedicated tumoral microenvironment and CRC immunotherapy.
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Cytotoxic T Cells

CD8+ T cells are the most potent cytolytic cell subset. Cytotoxic processes are carried out by several substances produced by CD8+ T cells, such as GZMB, perforin, Fas ligand (FasL), and TNF-α (37). Like CD8+ T cells, cytotoxic CD4+ T cells affect cell death via the Fas/FasL and GZMB/perforin pathways (37). In contrast to other CD4+ T subsets, cytotoxic CD4+ T cells have developmental programs of their own (68). In response to tumoral antigens, cytotoxic CD4+ T cells will increase in numbers (69). Moreover, a recent study confirmed that CRC patients with a favorable prognosis commonly have tumor immune cell infiltrates with increased cytolytic activities (38). However, the number of cytotoxic T cells decreases as TNM-stage increases in CRC (19).

In humans, CD8+ cytotoxic T cells (39), CD4+ cytotoxic T cells (69), and Th1 cells (69) are the most critical subsets producing IFN-γ. This cytokine functions by exclusively stimulating the JAK1/2-STAT1 pathway, which provokes several immunological processes, including macrophage activation, MHC-I/II pathway upregulation, costimulation, Treg cell inhibition, and Th1 cell differentiation and activation (39, 40). All these processes belong to the IFN-γ-mediated type-1 immune response, which profoundly elicits tumor remission. In parallel with cytotoxic T cells, a high density of tumoral Th1 cells predicts a favorable prognosis in CRC (70). Meanwhile, tumoral infiltrations of cytotoxic T cells and Th1 cells and IFN-γ upregulation serve as hallmarks indicating a good response to immune checkpoint inhibitors (71), because IFN-γ can upregulate PD-L1 and MHC-I expression by tumor cells (72). However, any deficiency leading to JAK1/2-STAT1 activation will distort the therapeutic efficacies of immune checkpoint inhibitors (73). This suggests that IFN-γ can synergize with the effectiveness of immune checkpoint inhibitors.



Treg Cells

In humans, Treg cells are the most critical source of IL-10. This cytokine can exert multiple effects on immune cells, such as reducing the cytotoxic activity of CD8+ T cells, downregulating MHC-II-restricted antigens or CD80/CD86 expression by monocytes, inhibiting the synthesis of IFN-γ or TNF-α, and blocking the effector functions of dendritic cells and other CD4+ T cell subsets (Th1, Th2, or Th17 cells) (74, 75). In addition, IL-10 can upregulate the expression of CTLA-4 by Treg cells and strengthen their immunosuppressive potencies (48). However, results from several retrospective studies still support that tumoral infiltration of Treg cells potentially prolongs the survival of CRC patients (41–45). Experimentally, it has been confirmed that IL-10 is required for host immune surveillance and restricts carcinogenesis in the small intestine of mice (76). Strikingly, Treg cell densities in CRC specimens were found to inversely correlate with tumoral PD-L1 expression levels (77). In theory, reduced expression of PD-L1 will assist in protecting against T cell exhaustion. In fact, Treg cells are prone to apoptosis in CRC tumors (47). Functionally, apoptotic Treg cells are more efficient than live cells in downregulating the expression of IFN-γ, TNF-α, and IL-2 by tumoricidal T cells (47), while the pre-existence of apoptotic Treg cells in CRC tumors potentially distorts the therapeutic efficacies of immune checkpoint inhibitors (47). In this regard, apoptotic Treg cells impact more in the response of CRC to immune checkpoint inhibitors than living ones.

In contrast, other studies have found that tumoral Treg infiltration fails to predict the prognosis of CRC (46, 78). However, increased densities of Treg cells are associated with poor tumor differentiation and increased lymph node involvement (46). In fact, Treg cells contain heterogeneous subsets, and some of them contribute to CRC progression, such as CD8+ Treg cells (79), RORγt+ Treg cells (80) and IL-17-producing Treg cells (81). Typically, RORγt is pivotal in Th17 cell polarization (82). The expression of RORγt and IL-17 reflects the plasticity of Treg cells, especially in the presence of TGF-β, IL-1, IL-6, and IL-23 (58, 83, 84). As such, the density of Treg cells along with their associated cytokine profiles in tumors should be determined jointly, thus enabling an increase in the use of Treg cells in predicting CRC prognosis.



B Cells

B cells include heterogeneous subsets and dominate antibody production, antigen presentation, and immunosuppression (85). In the healthy gut, B cells are widely distributed in the lamina propria and isolated lymphoid follicles (86). Like T cells, B cells require IL-15 to maintain their proliferation and survival (35). In the gut, they participate in epithelial barrier maintenance by producing secretory IgA (sIgA) while assisting in secretory IgM (sIgM) production by gut plasma cells (87). sIgA and sIgM are critical antibodies in protection against intestinal bacterial dysbiosis, which serves as an intrinsic factor in the induction of gut carcinogenesis (88).

When CRC occurs, the B cell subsets in peripheral blood, mesenteric lymph nodes and primary tumors differ in their phenotype indicating “activation” (89). Tumoral B cells form islet-like structures (90), which are induced predominantly by follicular helper T cells (10). In general, tumoral B cells are commonly activated and have memory phenotypes (91). They can activate tumoricidal T cells to manipulate cancer cell death due to their effectiveness in antigen presentation and co-stimulation. However, a recent study has revealed that a high density of tumoral B cells predicts favorable clinical outcome only in patients with right-sided colon cancer, rather than left-sided colon cancer or rectal cancer (90). Evaluating the densities of tumoricidal T cells, Treg cells, and B cells together might improve the accuracy of CRC prognosis prediction (12).

Not all B cells assist in the tumoricidal process. Upregulation of CXCL9 and CXCL10 in CRC tumors can attract regulatory B (Breg) cells as well, although such chemoattractants are also potent in recruiting tumoricidal T cells (49). Breg cells express PD-L1, thus severing as a route inducing T cell exhaustion (49). In addition, IL-35-producing B cells have been observed to increase their numbers upon CRC progression (50). This context will attract more myeloid-derived suppressive cells (MDSCs) (50).



Natural Killer Cells

Natural killer (NK) cells also exert cytolytic function. At steady state, NK cells stand in the frontline against gut carcinogenesis (92). If CRC occurs, NK exhaustion will occur, resulting in a reduction in cytotoxic activity, IFN-γ downregulation, and PD-1 upregulation (92). Inherently, CRC cells can heterogeneously express NKG2D ligands, such as MICA and ULBP2/3, whereas MICB is always absent (93). As stress proteins, MICA, and MICB are crucial in mediating the activation of the recognition pathway in cytotoxic lymphocytes, whereas proteolytic shedding of these proteins leads to tumor evasion (94). Alternatively, if CRC cells are deficient in MHC-I expression or function, NK cells will limit their expansion and reduce the production of IFN-γ, GZMB, and perforin (51).

In parallel with cytotoxic T cells, NK cells have reduced numbers in tumors as TNM-stage increases (92). In metastatic CRC, it has been found that the number of tumoral NK cells is significantly less than that in peritumoral or normal tissue (95). On this basis, the role of tumoral NK cells in CRC prognosis has not been specified (95). However, it is at least known that NK cell infiltration into CRC tumors at advanced disease stages is difficult. To overcome this, quantitation of IFN-γ secretion by blood NK cells has been used to identify the cytotoxic status of NK cells, which provides a potential for screening patients at high risk of suffering CRC or monitoring disease progression (92). Alternatively, due to PD-1 upregulation in NK cells upon CRC occurring, immune checkpoint inhibitors should assist in preventing NK cell exhaustion.



Dendritic Cells

Dendritic cells (DCs) are professional antigen-presenting cells in humans. In the steady-state setting, the hallmark functions of DCs include stimulating T or B cells, antigen presentation, and immunoregulation. Although the characteristics of human gut DCs are not well-understood (96), DCs located within the intestinal mucosa have been found to have the capacity to support homing of T and B cells from the periphery (96).

In humans, DC progenitors follow diverse paths to commit to plasmacytoid DC (pDC) and myeloid DC (also known as conventional DC, cDC) lineages (97). Their contributions on other immune cells are varied. For example, pDCs are prone to inducing Treg cell generation (98). Occasionally, pDCs can support the tumoricidal processes elicited by other immune cells, such as cDCs, T cells, B cells and NK cells (97). Among cDC subsets, cDC1 cells that are addicted to the transcriptional factor Batf3 for their polarization have been revealed to have the capacity to elicit CD8+ T cell-mediated immune responses via antigen cross-presentation (99). Further investigations support that CD103+ cDC1 cells are critical in processing tumor antigens to activate CD4+ or CD8+ T cells (100).

However, there is still no evidence indicating the impact of CD103+ cDC1 cells on CRC prognosis (41). The existing data indicate that tumoral infiltration of DCs is negatively associated with tumor stages, whereas the prognosis of CRC patients is diverse, because accumulations of DC cells with different phenotypes will result in poor DFS or OS (55). Inherently, immature or mature DCs can exert different effects on CRC progression (55). To help cancer cells escape from immune recognition and killing, DC differentiation and maturation can be inhibited by a panel of cytokines, including VEGF, prostaglandin-E2 (PGE2), TGF-β, IL-1β, IL-10, IL-13, and indoleamine-2,3-dioxygenase (IDO), which can originate from tumor cells or stromal cells (97, 98, 100). After contact with these cytokines, DCs downregulate MHC-II, and co-stimulatory molecules, thus resulting in poor T cell activation (97, 98). Moreover, immature DCs are proficient in inducing T cell exhaustion, because they can express PD-L1, Tim3, LAG3, IL-10, IDO, and TGF-β, thus strengthening immunosuppression in tumors (97, 98, 100).



Tumor-Associated Macrophages

Tumor-associated macrophages (TAMs) are critical immune infiltrates in tumors. In general, they can be classified into two pools, namely, M1- and M2-like TAMs (54). In general, M1-like TAMs are inherently dedicated to antagonizing tumor progression, but M2-like TAMs are not [see details in Mantovani et al. (54)].

The phenotypes of TAMs are plastic. Although several studies have revealed that high densities of CD68+ macrophages in the tumoral IM predict favorable prognosis in patients with colon cancer (52, 53, 101), this is not the case in metastatic CRC. For example, more M2-like macrophages can be found in liver metastatic tumors than in primary sites (102). It has been revealed that by producing IL-35, liver TAMs can activate the STAT6-GATA3 axis of CRC cells to facilitate their colonization (102). In addition, exosomes from TP53-mutated CRC cells can induce the upregulation of IL-10, TGF-β, VEGF, and CCL2 by TAMs in a miRNA-1246-dependent manner (56). In addition to the immunosuppression elicited by VEGF, IL-10 (57) and TGF-β (58) are required for M2-like TAM polarization.

To a certain extent, M2-like TAM infiltration is associated with an increased incidence of CRC liver metastasis and promotion of disease progression in the liver. On the one hand, TGF-β-induced epithelial-mesenchymal transition in cancer stem cells serves as a critical route for CRC liver metastatic lesion formation (59). On the other hand, as a downstream molecule of TGF-β signaling, SMAD4 deficiency can lead CRC cells to upregulate the production of CCL15, which interacts with CCR1 on myeloid CD11b+MPO+ macrophages to recruit them into the liver (60). By producing metalloproteinase-9, CCR1+ macrophages assist in CRC invasion (60). Likewise, CCL2 attracts myeloid CD11b+Gr1+ macrophages to promote angiogenesis of metastatic tumors in the liver (61, 62). Therefore, retrospective studies have revealed that both CCL2 upregulation and CCR2+ TAM accumulation in tumors serve as factors indicating poor prognosis in patients with CRC liver metastasis (62, 63).

In parallel with CCL2 and CCL15, CCL5 serves as another chemokine that controls CRC progression (54). Functionally, CCL5 can interact with CCR5 on CRC cells to increase their proliferation, invasiveness, and metastasis (64). In this process, tumoral CD4+ and CD8+ T cells have been revealed to be the exclusive sources of CCL5 (64). In fact, TAMs are responsible for the events that CCL5 exploits, because they can produce CXCL9 and CXCL10 (64), which serve as critical attractants for T cell infiltration (64). CCL5 upregulation in metastatic tumors is accompanied by the accumulation of T cells, which cluster around TAMs (64). However, most of the T cells are of an exhausted phenotype (64). Functionally, TAMs can express PD-L1 (65). In addition, CRC liver metastatic lesions contain higher densities of PD-L1+ TAMs than primary sites (65). In this context, the concentrations of IFN-γ in CRC metastatic tumors are too low to enable the biological effects of this cytokine to be exerted (64). Therefore, the survival and tumoricidal functions of T cells can be impaired by TAMs. Additionally, CCL5-deficient mice bearing xenografted CRC display increased densities of tumoral CD8+ T cells (66), suggesting that CCL5 at least impacts T cell infiltration. In theory, T cell absence is believed to be a reason why tumor shrinkage is minimally induced by immune checkpoint inhibitors (103). If this is true, the CCL5-CCR5 axis could serve as a route that promotes CRC progression by excluding T cells. In fact, it has been proposed that CCL5-CCR5 blockade would potentially improve the anti-tumoral efficacies of immune checkpoint inhibitors (67). During this process, TAMs appear to be critical targets as well.




CONCLUSION

The Immunoscore system provides new insights into reliably predicting CRC prognosis, especially as this system has potential for screening immunotherapy candidates. However, as several other tumoral infiltrates impact the efficacies of immune checkpoint inhibitors, much work is needed to determine whether the Immunoscore will become a superior biomarker indicating CRC immunotherapy. Alternatively, Immunoscore plus other diagnostic tools, such as MSI or dMMR appears to provide better CRC treatment, especially for immunotherapy.
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CRC, colorectal cancer; NGS, next-generation sequencing; dNLR, derived neutrophil to lymphocyte ratio; TIL, tumor-infiltrating lymphocyte; IM, tumor invasive margin; CT, tumor center; MSI, microsatellite instability; dMMR, deficient mismatch repair; DFS, disease-free survival; OS, overall survival; MSS, microsatellite stability; nCRT, neoadjuvant chemoradiotherapy; LARC, local advanced rectal cancer; pCR, pathological complete remission; cCR, clinical complete remission; GZMB, granzyme B; FasL, fas ligand; sIgA, secretory IgA; sIgM, secretory IgM; Breg, regulatory B cells; MDSCs, myeloid-derived suppressive cells; NK, natural killer; DC, dendritic cell; pDC, plasmacytoid dendritic cell; cDC, conventional dendritic cell; PGE2, prostaglandin-E2; IDO, indoleamine-2,3-dioxygenase; TAM, tumor-associated macrophages; LPS, lipopolysaccharide; TLR4, toll-like receptor 4; CRCLM, colorectal cancer liver metastasis; CT, center region of tumor; mCRC, metastatic colorectal cancer; DSS, disease-specific survival; RFS, relapse-free survival; IHC, immunohistochemical staining technology; PCR, polymerase chain reaction technology; TRG, tumor remission grade; VELIPI, venous emboli and lymphatic and perineural invasion.
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Platelet Derived Growth Factor Receptor Alpha (PDGFRA) mutations occur in only about 5–7% of gastrointestinal stromal tumors (GIST), notably with alterations on exons 12/14/18. The most frequent PDGFRA mutation is the exon 18 D842V, which is correlated to specific clinico-pathological features, such as primary imatinib resistance and higher indolence. Here, we present a gene expression profile (GEP) comparison of D842V vs. PDGFRA with mutations other than D842V (non-D842V). GEP was followed by in silico bioinformatic analysis aimed at evaluating differential expression, tumor microenvironment composition and pathway enrichment. We found a large set of oncogenes, transcription factors and nuclear receptors downregulated in the D842V mutant. Conversely, D842V showed a significant enrichment of immune- and interferon- related gene signatures. Differences in tumor microenvironment composition were also highlighted, including a higher abundance of CD8+ T-cells and an overexpression of the T cell-inflamed signature in the D842V mutant subgroup, which is predictive of immunotherapy response. PDGFRA D842V vs. non-D842V GIST display a different expression profile, with a prominent immunological signature, that could represent a proof of principle for testing immunotherapeutic strategies in this drug-orphan subset of GIST.
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INTRODUCTION

Platelet Derived Growth Factor Receptor Alpha (PDGFRA) mutations occur in only about 5–7% of gastrointestinal stromal tumors (GIST), and mainly involve the A-loop encoded by exon 18 (~5%), or more rarely the JM domain encoded by exon 12 (~1%), or the ATP binding domain encoded by exon 14 (<1%) (1, 2). In particular, the substitution at position 842 in the A-loop of an aspartic acid (D) with a valine (V), recognized as D842V, is the most frequent mutation and the one widely known to confer primary resistance to imatinib by changing the kinase domain conformation, which negatively affects imatinib binding (2–8). Thus, patients with D842V mutant GIST have a very low rate of clinical benefit from imatinib treatment (5–8). Moreover, the D842V mutant kinase is also strongly resistant to sunitinib in vitro and limited clinical data suggests that sunitinib has low activity against D842V dependent GIST (9).

Therefore, those patients do not benefit from standard TKI therapy and currently represent one of the main unmet medical needs in GIST management.

Crenolanib, a known a potent inhibitor of PDGFRA and PDGFRB, and avapritinib, a highly selective and potent KIT/PDGFRA inhibitor, have shown promising anti-proliferative activity against D842V mutant GIST (10, 11). However, no actionable recurrent molecular events of clinical significance in D842V mutant GIST have been found, so the potential therapeutic scenario of this rare subset of GIST remains still limited (12).

Recently, it has been shown that GIST show a gene expression profile suggestive of possible response to immune checkpoint inhibitors (13) and, in particular, that PDGFRA mutant GIST displays a more prominent immune cell pathway when compared to KIT mutant GIST (14). In particular, it has been found that PDGFRA mutant GIST displays more immune cells with increased cytolytic activity; express higher levels of many chemokines, such as CXCL14; exhibit more diverse driver-derived neoepitope-HLA binding proteins; and have additional immune features of high PD-1 and PD-L1 expressing tumors. Those findings could pave the way for a rational basis for exploring an immune-treatment approach in this molecular subset of GIST.

In this intriguing scenario, the aim of this study was to specifically evaluate the immune-profile of D842V mutant GIST compared to non-D842V mutant GIST, in order to better understand if the prominent immune features belong to all PDGFRA mutant GIST or if it is a specific peculiar fingerprint of D842V mutants, widely recognized as the drug-orphan subset of GIST.



METHODS


Patients and Tumor Samples

Fresh surgical specimens of 10 patients with untreated, primary gastric GIST were collected immediately upon resection and frozen in liquid nitrogen. The clinical and pathological characteristics are summarized in Table 1. GIST diagnosis was based on histologic evaluation and on immunohistochemistry of CD117 and DOG1 as reviewed by expert pathologists. All patients harbored a gain of function mutation in the PDGFRA gene. Specifically, 5 patients had a D842V exon 18 PDGFRA mutation and 5 had non-D842V PDGFRA mutations (in particular, 3 had alterations on exon 12, 1 on exon 14, and 1 on exon 18 non-D842V).


Table 1. Patient's characteristics.
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Gene Expression Profile

Whole transcriptome expression profile was evaluated using a GeneChipTM WT PLUS Reagent Kit (Applied Biosystems) performed on a NextSeq500 Illumina platform (Illumina, Inc., San Diego, CA, USA). Total RNA was extracted from fresh frozen tumor specimens using an RNeasy Mini Kit (Qiagen, Milan, Italy). The quality and quantity of RNA were determined with a UV–Vis spectrophotometer at 260 nm/280 nm absorbance. Integrity of RNA was checked using an RNA6000 Pico Kit (Agilent) and all samples had RIN>7. Whole transcriptome expression profile was determined using a microarray Clariom S chip (Affymetrix, ThermoFisher), following the manufacturer's instructions. Briefly, 100 ng of total RNA was used to generate cDNA, then fragmented and labeled cDNA was hybridized to a Human Clariom S array for 16 h at 45°C. Arrays were washed, stained and then scanned using the Affymetrix Gene Chip Scanner 7G and CEL Intensity files were generated by Affymetrix GeneChip Command Console Software (AGCC, Thermo Fisher).



Bioinformatic Analysis

Gene expression profiling analysis was implemented with R-bioconductor packages (https://www.bioconductor.org/). CEL files were analyzed by adopting the Robust Multi-Array Average algorithm (rma function, oligo package) that was applied to background-subtraction, normalization and log-transformation of signals intensity.

Genes with a log-transformed signal lower that 5 in more than 7/10 samples were filtered, as well as genes with IQR < 0.3. The evaluation of differential expressed genes between D824V vs. non-D842V mutant GIST was performed by fitting a linear model, followed by an empirical Bayes moderate unpaired t-statistic (lmFit and eBayes functions, limma package). Principal component analysis was performed with the prcomp function of the stats package and the corresponding projections of the 1st, 2nd, and 3rd components were plotted with the function plot3d of rgl package. Gene expression profiles were adopted to perform the Gene Ontology (GO) enrichment analysis with the WEB-based GEne SeT AnaLysis Toolkit (WebGestalt) web application (http://www.webgestalt.org/) selecting “Homo sapiens” as the organism, “Gene Set Enrichment Analysis (GSEA)” as the method and “geneontology” and “Biological Process nonRedundant” as the functional database. Moreover, the enrichment of the gene pathway included in the curated Molecular Signatures Database (MSigDB) (http://software.broadinstitute.org/gsea/msigdb/collections.jsp#C2) was evaluated with the Gene Set Enrichment Analysis (GSEA) preranked tool from Broad Institute (http://software.broadinstitute.org/gsea/index.jsp) set to 1,000 permutations and the default parameters. Both analyses were performed on the list of differentially expressed genes that were pre-ranked according to the score S = log10(p-value)*(fold change sign).

The evaluation of tumor microenvironment composition was done using the web tool CIBERSORT (https://cibersort.stanford.edu/) adopting LM22 as the reference, with gene expression signatures consisting of 22 distinct immune cell types. We ran the tool in both absolute and relative mode, with 100 permutations and disabling the quantile normalization.

All of the heatmaps were built with the R-bioconductor package pheatmap, adopting the “euclidean” metric of distance and the clustering method “ward.D.”



Validation of Gene Expression

Four of the most deregulated genes, BCL6, FOXO1, NRAS and NR4A3, were validated through qRT-PCR. cDNA was obtained using a High-Capacity RNA-to-cDNA Kit (Applied Biosystem) and the expression level was evaluated through the 7900HT Fast Real-Time PCR System (Applied Biosystems). Fold change was evaluated using the DDCt method, using GAPDH and HBMS as housekeeping genes. The primers used were: BCL6_Fwd 5′ - CTCCGGAGTCGAGACATCTT – 3′; BCL6_Rev 5′ - GCTATAGAACAGGCCACTGC – 3′; FOXO1_Fw 5′- TCACGCTGTCGCAGATCTAC−3′; FOXO1_Rev 5′ – TTGAATTCTTCCAGCCCGCC – 3′; NRAS_Fw, 5′- ACAGTGCCATGAGAGACCAA – 3′; NRAS_Rev 5′ TCGCTTAATCTGCTCCCTGT−3′; NR4A3 _Fwd 5′ - GACGTCGAAACCGATGTCAG – 3′; NR4A3 Rev 5′- GGGCTCTTTGGTTTGGAAGG – 3′; GAPDH_Fw 5′-CGGGAAGCTTGTCATCAAT-3′ and GAPDH_Rev 5′- GACTCCACGACGTACTCAGC-3′, HBMS Fw-5′ TGTGGTGGGAACAGCTC-3′ and HBMS_rev 5′-TGTTGAGGTTTCCCCGAAT-3′.




RESULTS

Gene expression profile (GEP) was assessed by performing microarray analysis experiments in a series of 10 PDGFRA mutant GIST patients either carrying a genomic alteration on exon 18 D842V (5 out of 10 samples) or non-D842V mutations, including 2 patients harboring point variants (exon 12 V561D, exon 14 K646E) and three patients showing insertions/deletions (indel) either in exon 12 or exon 18. Molecular lesions together with patient's characteristics are listed in Table 1.

The comparison of transcription profiles between the D84V and non-D842V PDGFRA mutant subgroups showed considerably different expression patterns. Adopting the significance threshold of p < 0.05 we found 1,153 significantly modulated genes (Supplementary Table S1) of which 968 were differentially expressed with |logFC|>0.5, specifically 312 over-expressed and 656 down-regulated in the D842V samples. The expression divergence was also highlighted by principal component analysis (PCA), performed in an unsupervised manner, by which the separation between D842V and non-D842V is evident in the third component (Supplementary Figure S1). Included in the set of differentially modulated transcripts we found a relatively high number of genes included in the Oncogene Database (http://ongene.bioinfo-minzhao.org/browse_gene.html#protein). In particular, 59 oncogenes emerged as significantly downregulated in the D842V samples with respect to the non-D842V group (Supplementary Table S2). Among them we found the proto-oncogenes ABL1 (p = 0.0101; log2FC = −0.54), BRAF (p = 0.0204; log2FC = −0.51), NRAS (p = 0.0314; log2FC = −0.65), CBL (p = 0.0346; log2FC = −0.65), the growth factor CTGF (p = 0.0049; log2FC = −1.55) and the transcriptional factors/repressors BCL11A (p = 0.0002; log2FC = −2.02), BCL6 (p = 0.0076; log2FC = −0.98), ETV3 (p = 0.0066; log2FC = −0.71), EWSR1 (p = 0.0220; log2FC = −0.52), FOXO1 (p = 0.0131; log2FC = −0.62). Moreover, we also found in the D842V mutants a significantly lower level of nuclear receptors (not listed in the Oncogene Database) including NR4A1 (p = 0.0104; log2FC = −1.57), NR4A2 (p = 0.0016; log2FC = −1.53), NR4A3 (p = 0.0008; log2FC = −1.61) and NR3C1 (p = 0.0047; log2FC = −0.76). Interestingly, the PDGFRA gene itself also appeared differentially downregulated in the D842V group even though there was a smaller difference between the two groups of patients (p = 0.0366; log2FC = −0,47) (Supplementary Figure S2A).

To assess the robustness of the analyses, we used q-RT-PCR to validate a few genes randomly selected among the most significantly deregulated ones. Specifically, we tested BCL6, FOXO1, NRAS and NR4A3. Supplementary Figure S2B summarizes the results of q-RT-PCR; in agreement with data from GEP, the non-D842V subgroup showed an upregulation of BCL6 (Fold Difference = 0.28), FOXO1 (Fold Difference = 0.95), NRAS (Fold Difference = 0.49), and NR4A3 (Fold Difference = 1.55), with respect to the D842V group. The set of 1153 differentially expressed genes was adopted to perform GO enrichment analysis with the WebGestalt tool, and the GSEA from the Broad Institute was used to evaluate gene pathway enrichment included in the curated MSigDB (Supplementary Tables S3, S4, respectively). Interestingly, looking at the D842V subgroup, both analyses showed very similar results: we found significantly enriched GO-terms linked to the immune system (such as “response to type I interferon,” “defense response to other organism,” “response to virus,” “adaptive immune response,” “interferon-gamma production,” etc.) (Figure 1A) as well as several Reactome signatures related to the immune response including “Interferon signaling,” “Immune system” and “Cytokine signaling in immune system” (Figures 1B,C).
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FIGURE 1. Pathway enrichment of PDGFRA D842V mutant GIST. (A) Gene Ontology biological process analysis (performed with WebGestalt) highlighted immune related GO terms significantly enriched (FDR < 0.05) in D842V mutant samples, including “response to type I interferon,” “defense response to other organism,” “response to virus,” “adaptive immune response” and “humoral immune response”. The circos plot shows the correspondence between genes and biological process. (B) Consistently, GSEA analysis revealed 4 REACTOME signatures significantly enriched (FDR < 0.05) that are involved in immune modulations. (C) The leading edge genes included in these signatures are plotted in the heatmap in which the expression level in both D842V and non-D842V samples is shown.


On the other hand, the non-D842V subgroup was enriched in more general and aspecific GO-terms and signatures (Supplementary Figures S3A,B).

The gene expression profiles were also analyzed with CIBERSORT to evaluate the tumor microenvironment composition (Supplementary Table S5). Overall, the analysis showed M2 macrophages, CD8+ T-cells and CD4+ T-cells as the most abundant hematopoietic cell population in the tumor infiltrate; in addition a moderate presence of monocytes and regulatory T-cells (Treg) was predicted (Figure 2A). Interestingly, a significantly higher abundance of CD8+ T-cells was found in the D842V patients compared to the non-D842V ones (Figure 2B). The data also showed some differences in the presence of Tregs (more abundant in the D842V group) and CD4+ T-cells (less abundant in the D842V group), that unfortunately did not reach statistical significance, probably due to the small number of samples (Supplementary Figures S4A,B).


[image: Figure 2]
FIGURE 2. (A) Heatmap representing the composition of the tumor microenvironment absolute abundance predicted by CIBERSORT analysis (absolute abundance). D842 and non-D842V mutant GIST are labeled in cyan and pink, respectively. (B) Boxplot representing the CD8+ T-cell abundance that appears significantly higher in the D842V compared to the non-D842V mutant GIST. (C) Correlation between TIS score and CD8+ T-cell abundance.


Further to the CIBERSORT results, the transcriptome profiles were additionally investigated to study the T cell-inflamed signature (TIS) described by Ayers et al. as characteristic of the expression profile of neoplasms that are sensitive to the PD-1 checkpoint blockade (15).

This 18-gene signature, composed of IFN-γ signaling genes, cytokines, cytotoxic effectors and antigen-presenting genes, was analyzed in order to find the TIS score, a unique value measuring the signature expression level, as previously done by Pantaleo et al. (13) (Supplementary Table S6). Combining the CIBERSORT results with TIS analysis we found that the TIS score positively correlated with the absolute abundance predicted by CIBERSORT (R = 0.8640, p = 0.0013) (Supplementary Figure S5), and notably also with the CD8+ T-cell abundance (R = 0.6218; p = 0.0550) (Figure 2C).



DISCUSSION

In the fast-growing era of immunotherapy, some findings have provided the rationale for implementing immunotherapeutic strategies in the therapeutic scenario of GIST (13, 14, 16–19). Recently, it has been shown that PDGFRA mutant GIST display a more prominent immune cell pathway when compared to KIT mutant GIST, suggesting that immunotherapeutic strategies in GIST could be molecularly-driven (14).

However, it is known that PDGFRA mutant GIST are themselves heterogeneous in clinical behavior and imatinib-sensitiveness, according to the exon involved and to what kind of mutation occurred (2). Therefore, in the present study we profiled, by gene expression analysis, 10 samples of untreated primary gastric PDGFRA mutant GIST, half carrying a D842V mutation and half carrying mutations other than D842V, supposing that the different clinical behavior of these two PDGFRA mutant subgroups could be supported by a different biological background. Indeed, it has been widely recognized that mutant PDGFRA GIST, mostly represented by D842V mutants, correlated with a very favorable disease outcome (20–22). Moreover, even if a conclusion cannot be drawn due to the limited number of cases, it has been found that the D842V mutant GIST, along with those carrying PDGFRA exon 12 and exon 14 mutations, display a more favorable prognosis, while those with exon 18 non-D842V mutations have a more aggressive behavior (22).

Interestingly, we found considerably different expression patterns in D842V mutant GIST compared to non-D842V mutant GIST. In particular, the D842V mutant gene profile presented a lower expression of a large subset of oncogenes and transcription factors, such as PDGFRA, BRAF, BCL6, BCL11A, NRAS, ETV3, NR4A1,NR4A2, NR4A3, and NR3C1. This evidence may support the higher indolence previously observed in the D842V mutant with respect to the other molecular GIST subgroups. Unfortunately, we are not able to assess the differences in terms of aggressiveness nor mitotic activity in our samples due to the lack of complete clinical information. However, this observation could represent a subject to be further investigated in a larger GIST series focusing specifically on the prognostic landscape of gene expression.

Beyond this aspect, the present study highlighted that the D842V mutant exhibits a notable enrichment of immune-signature and an increased TIS score with respect to non-D842V GIST. Consistently, the analysis of tumor microenvironment composition showed a significantly higher abundance of CD8+ T-cells and Tregs, and a lower rate of CD4+ T-cells.

Despite what it looks like, our observations are not in contrast with the study by Vitiello et al. which highlighted not only an unquestionable higher immunogenicity of the PDGFRA mutant, but also indicated the presence (mostly in the D842V mutant) of neoepitopes with a high binding affinity to common HLA types (14). Actually, our study goes further into PDGFRA mutant GIST by exploring the differences between the D842V and non-D842V gene expression profiles and surprisingly shows that GIST with the D842V mutation is the subgroup driving the discoveries previously made, probably because they are, as matter of fact, the most frequent mutation in PDGFRA mutant GIST. From our study we can hypothesize that the high number of high affinity neoepitopes created by the D842V mutation may lead to an increased recruitment of T cells, which in turn induces the IFN-γ signature and PD-L1 expression in the tumor cells.

Taking all of these findings together this is the first study, to the best of our knowledge, showing that within the PDGFRA mutant GIST, the D842V mutant subset displays a distinct gene expression profile, deeply different from the other PDGFRA mutant subsets, that could likely justify their different clinical behaviors. Firstly, the marked immunogenicity of PDGFRA mutant GIST as shown by Vitiello et al. (which by our findings may be only restricted to the D842V mutant), together with the lack of an oncogene-signature, could in part explain the known indolent course of this subset of GIST, irrespective to the recognized prognostic factors.

Secondly, this immunogenicity may represent a proof of principle for testing immunotherapeutic strategies alone or in combination with novel compounds still under evaluation, such as crenolanib and avapritinib, in metastatic D842V mutant GIST, given their proven primary resistance to imatinib and sunitinib, and the lack of effective treatment options at this time.

We know that the main limitation of the study is the small sample size analyzed, due to the rarity of this genomically defined population of GIST. Therefore, as future perspective, our intent will be to confirm the data on a larger sample size, and correlate them with clinical follow up data. As well, a comparison between primary and metastatic tissue will be considered, in order to evaluate the degree of immunogenicity in relation to the disease status.

In conclusion, these preliminary data, even if limited by the small size, confirm the immunological fingerprint of D842V mutant GIST and may represent another brick in the wall of immunotherapy for GIST.
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Osteosarcoma (OS) is the most common malignancy of the bone that occurs majorly in young people and adolescents. Although the survival of OS patients markedly improved by complete surgical resection and chemotherapy, the outcome is still poor in patients with recurrent and/or metastasized OS. Thus, identifying prognostic biomarkers that reflect the biological heterogeneity of OS could lead to better interventions for OS patients. Increasing studies have indicated the association between immune-related genes (IRGs) and cancer prognosis. In the present study, based on the data concerning OS obtained from TARGET (Therapeutically Applicable Research to Generate Effective Treatments) database, we constructed a classifier containing 12 immune-related (IR) long non-coding RNAs (lncRNAs) and 3 IRGs for predicting the prognosis of OS by using the least absolute shrinkage and selection operation Cox regression. Besides, based on the risk score calculated by the classifier, the samples were divided into high- and low-risk groups. We further investigated the tumor microenvironment of the OS samples by ESTIMATE and CIBERSORT algorithms between the two groups. Finally, we identified three small molecular drugs with potential therapeutic value for OS patients with high-risk score. Our results suggest that the IRGs and IR-lncRNAs–based classifier could be used as a reliable prognostic predictor for OS survival.

Keywords: osteosarcoma, immune, prognosis, biomarker, tumor microenvironment


INTRODUCTION

Osteosarcoma (OS) is the most common malignancy of bone that occurs majorly in young people and adolescents (1), which accounts for ~4–5 per 1,000,000 per year (2). Surgical resection combined with chemotherapy has increased long-term survival rates to 60–70% for patients with the localized OS, but only 20–30% for patients with recurrent and/or metastasized OS (3, 4). Besides, the outcome of OS patients may be distinctly different even with the same stage. Thus, identifying prognostic biomarkers that reflect the biological heterogeneity of OS could lead to better interventions for patients.

Much attention has been paid to immune oncology for its impressive clinical benefits in a variety of malignancies. Immune-related genes (IRGs) and immune infiltrating cells have been considered as determining factors for regulating tumor development and progression (5, 6). The breakthrough of immunomodulatory therapies targeting the programmed death 1 (PD-1)/PD-1 ligand (PD-L1) signaling, a pathway crucial for impairing the immune system, has shown considerable success in multiple cancers by promoting antitumor immune function (7). Besides, studies have shown that both PD-1 and PD-L1 were significantly upregulated in OS patients and correlated with the prognosis (8, 9), and a recent study found that blockade of PD-1/PD-L1 signaling dramatically promoted the activity of cytotoxic T lymphocytes, inhibiting the tumor growth and increasing the survival rate in the mouse model of metastatic OS (10). Besides, tumor microenvironment (TME), where the tumor cells are located, is increasingly thought to play vital roles in tumor development and progression (11). Tumor microenvironment consists of extracellular matrix molecules, stromal cells, immune cells, and inflammatory mediators (12). As one of the major non-tumor cellular populations in the TME, infiltrating immune cells have been shown highly associated with responses to treatments and clinical outcomes of cancers. Tumor with high immune infiltration was associated with a better prognosis (13–16). Besides, bone has a highly specialized immune environment, and multiple immune signaling pathways play important roles in bone homeostasis (3). These evidences suggest that the application of immune-based prognostic biomarkers in OS is a potential. Furthermore, based on this, we can explore the underlying mechanisms and identify potential therapeutic drugs, so as to bring new insights into the improvement of the prognosis of OS patients.

Recent evidence suggests that long non-coding RNAs (lncRNAs) play important roles in regulating the development and activation of multiple immune cells through controlling the dynamic transcriptional programs (17) and involve carcinogenesis and metastasis (18). Immune-related (IR) lncRNAs have shown to act as biomarkers for predicting the risk of cancer patients of gliomas (19) and glioblastoma multiforme (20).

Several IRG-based signatures have been constructed to predict the risk of patients with different cancer types, such as lung cancer (21), glioblastoma (22), gastric cancer (23), and renal papillary cell carcinoma (24). As for OS, the prognostic values of IRGs and IR-lncRNA have still not been explored. In the present study, in an effort to assess the potential utility of IRGs and IR-lncRNAs in the prognosis of OS, we constructed a classifier containing 12 IR-lncRNAs and 3 IRGs for overall survival by using the least absolute shrinkage and selection operation (LASSO) Cox regression. Based on the risk score calculated by the classifier, the samples were divided into low- and high-risk groups. We further investigated the TME of the OS samples by Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression (ESTIMATE) data and Cell Type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) algorithms. Finally, we explore the potential therapeutic small molecular drugs for the OS patients at high risk. Our results demonstrate that the IRGs and IR-lncRNAs–based classifier could be used as a reliable prognostic predictor for OS survival.



MATERIALS AND METHODS


Data Source and Preprocessing

The bioinformatics analysis was conducted following the procedure presented in Figure 1. An RNA-seq data set and the corresponding clinical parameters of OS tissues (n = 88) were downloaded from TARGET (Therapeutically Applicable Research to Generate Effective Treatments) (https://ocg.cancer.gov/programs/target). The clinical characteristics of the 88 included samples are summarized in Table 1. The OS patients with complete outcome data and RNA-seq data were included in the subsequent analysis.


[image: Figure 1]
FIGURE 1. Flowchart of the study involved in construction of IRGs and IR-lncRNAs–based prognostic classifier. IRGs, immune related genes; TARGET, Therapeutically Applicable Research to Generate Effective Treatments; ROC, receiver operating characteristic; K-M, Kaplan–Meier; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data; WGCNA, weighted gene coexpression network analysis; TME, tumor microenvironment; cMap, connectivity map; CIBERSORT, Cell Type Identification by Estimating Relative Subsets of RNA Transcripts.



Table 1. Clinical characteristics of the osteosarcoma patients in TARGET database.
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A total of 1,811 IRGs were obtained from Immport Shared Data (https://www.immport.org/shared/home).



Weighted Gene Co-expression Network Construction and Interesting Module Detection

Weighted gene co-expression network construction and module identification of all IRGs in the OS data set were performed following the protocols of weighted gene co-expression network analysis (WGCNA) (25), described previously (26). Briefly, every pairwise gene–gene relationship was calculated by a gene coexpression similarity in the first step. Then, a “soft” power adjacency function was utilized to construct the adjacency matrix and topological overlap matrix (TOM). “Gene modules,” groups of genes that have high topological overlap, were identified using hierarchical clustering with a dissimilarity measure (1-TOM).

The correlations between modules and clinical features were identified by Pearson correlation tests to identify clinically meaningful modules. The modules that exhibited a high correlation with prognostic features were selected as interesting modules to be further studied.



Identification of Prognostic IRGs and IR-lncRNAs

We conducted a univariate Cox regression for all IRGs in interesting modules and identified the genes with P < 0.05 as prognostic IRGs. Afterward, we conducted Pearson correlation tests between prognostic genes and all lncRNAs of the OS patients; correlation ≥0.6 was identified as IR-lncRNAs. Following this, we conducted a univariate Cox regression for all IR-lncRNAs and identified the lncRNAs with P < 0.05 as prognostic IR-lncRNAs.



Establishment of Prognostic Classifier

We applied the LASSO Cox regression analysis for all prognostic IRGs and IR-lncRNAs to select the most useful prognostic biomarkers and construct the survival-predicting classifier. The prognosis risk scores were calculated based on a formula as follows:

[image: image]

Based on the cutoff of the median risk score, OS patients were divided into low- and high-risk groups. The predictive ability of the model for the training and validation cohort, which randomly split at a 1:1 ratio, as well as the total cohort, was evaluated by the Kaplan–Meier log-rank test. In addition, the application value of the model was tested by using receiver operating characteristic (ROC) curve analysis, and by univariate and multivariate Cox regression analysis.



Estimation of Immune Score

ESTIMATE was conducted to investigate the TME of OS and explore its correlation with IRGs and IR-lncRNAs–based classifier. ESTIMATE was designed to calculate scores for reflecting the levels of infiltrating immune cells and stromal cells within the TME based on the specific gene expression signatures of immune and stromal cells (27). Based on the cutoff of the median immune score, OS patients were divided into two groups. Besides, Kaplan–Meier method was also applied to assess the relationship between the immune score and the overall survival of OS patients.



Estimation of Immune Cell Infiltration

In order to further explore the relationship between the classifier and immune cell infiltration, the CIBERSORT algorithm was used to estimate the fraction of 22 immune cell types in the OS samples from gene expression data. Samples with a CIBERSORT output of P < 0.05 were considered to be eligible for further analysis. The Wilcoxon rank-sum test was used to identify the immune cells, which had significant differences in the proportion between low- and high-risk groups. Besides, Kaplan–Meier method was also applied to assess the relationship between the infiltrating of immune cells and the overall survival of OS patients.



Identification of Differentially Expressed Genes and Pathway Enrichment Analysis

The “edgeR” package of R was used to detect the differentially expressed gene (DEGs) between high- and low-risk samples. We set |log2 fold change (FC)| ≥1 and P < 0.05 as the cutoff criteria. The volcano plot was drawn through the “gplots” package of R. Pathway enrichment analysis of DEGs, including KEGG pathway, Reactome pathway, and PANTHER pathway, was conducted by KOBAS 3.0 database (http://kobas.cbi.pku.edu.cn/anno_iden.php).



Identification of Potential Small Molecule Drugs

We submitted the DEGs of |log2FC| ≥2 into the CMap (Connectivity map) (https://portals.broadinstitute.org/cmap), a database of small-molecule drugs, gene expression profiles, and diseases, which is based on the differential gene expression of human cells treated with small-molecule drugs. An enrichment score representing similarity is finally calculated. The positive connectivity score illustrates that the drug is capable of increasing the risk of death of OS patients. On the contrary, the negative link score indicated that the drug is able to reduce the risk of death. The drugs with negative connectivity score indicated potential therapeutic value. Two-dimensional diagrams of these candidate molecular drugs were obtained in Pubchem database (https://pubchem.ncbi.nlm.nih.gov/).



Statistical Analysis

All statistical analyses were performed by SPSS version 22.0, IBM Corp., Armonk, NY, United States and R version 3.6.1 software. The correlation between risk score and clinicopathological characteristics was analyzed by the χ2 test. The unpaired t-test was used to estimate the statistical significance for normally distributed variables of the two groups. Wilcoxon rank-sum test was used to estimate the statistical significance for non–normally distributed variables of the two groups. All statistical tests were two-tailed, with a value of P < 0.05 considered statistically significant.




RESULTS


Coexpression Network Construction and Interesting Module Detection

WGCNA was performed on 1,222 IRGs in the 88 OS samples. After removing one outlier sample, the connectivity between the genes in the gene network formed a scale-free network distribution when the soft-threshold power β was set to 8 (Figure 2A). Then, 10 coexpressed modules were identified and represented by different colors. The “gray” module was reserved for genes identified as not coexpressed (Figure 2B). The correlations between modules and clinical features, such as gender, race, age, EFS (event-free survival), overall survival, metastasis, progression, and death time were calculated. The red module was highly correlated with EFS (r = 0.33, P = 0.002), overall survival (r = 0.32, P = 0.002), and death time (r = 0.6, P = 6 × 10−6), and brown module was highly correlated with EFS (r = 0.34, P = 0.001), overall survival (r = 0.33, P = 0.002), and death time (r = 0.45, P = 6 × 10−5) (Figure 2C). Thus, the red and brown modules were selected as interesting modules to be studied in subsequent analyses.


[image: Figure 2]
FIGURE 2. WGCNA network and module detection. (A) Selection of the soft-thresholding powers. Power 8 was chosen because the fit index curve flattened out upon reaching a high value (>0.85). (B) Cluster dendrogram and module assignment for modules from WGCNA. The colored horizontal bar below the dendrogram represents the modules. (C) Correlation matrix for eigengene values and clinical features. Each cell includes the corresponding correlations and the p-values.




Identification of Prognostic IRGs and IR-lncRNAs

Eighty-six samples with complete survival data were included in the survival analysis. Univariate Cox regression analyses for all IRGs in red (n = 62) and brown (n = 180) modules were conducted (Supplementary Table 1) and identified 68 genes with P < 0.05 as prognostic IRGs (Supplementary Figure 1A). Afterward, 1,591 IR-lncRNAs were identified of correlation ≥0.6 with prognostic IRGs (Supplementary Table 2). Besides, 129 prognostic IR-lncRNAs were identified with P < 0.05 of univariate Cox regression analysis (Supplementary Figure 1B).



Establishment of Prognostic Classifier

LASSO Cox regression analysis was conducted to select the most useful prognostic biomarkers for constructing the prognostic-predicting classifier base on the training cohort (Figures 3A,B). A total of 12 lncRNAs (SNHG12, AL391421.1, AC117402.1, IL10RB-AS1, AL390038.1, AC083900.1, LINC01980, RUSC1-AS1, AC025822.1, AL133410.1, AL360182.2, and AL590764.1) and 3 mRNAs (IL7, SOCS1, and TMPRSS6) were identified as the most useful prognostic biomarkers (Table 2).


[image: Figure 3]
FIGURE 3. Construction of IRGs and IR-lncRNAs–based prognostic classifier. The results of the LASSO Cox regression suggested that all 15 mRNAs and lncRNAs were essential for the classifier (A,B). The expression levels of all 15 biomarkers of the classifier in high- and low-risk group from the training (C), validation (D), and total (E) cohorts. RS, risk score.



Table 2. The IRGs and IR-lncRNAs in the prognostic classifier associated with OS in the TARGET data set.
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The risk scores were calculated using the formula mentioned previously; patients in every cohort were further divided into high- and low-risk groups with the median risk score as the cutoff value. And the expression levels of every biomarker in different groups were analyzed (Figures 3C–E).



Correlation Between Classifiers and Clinicopathologic Characteristics

As shown in Table 3, all the clinical characteristics (age, gender, race, metastasis, and progression) showed no significant differences between the high- and low-risk groups in the training and validation cohort. However, metastasis showed significant difference between the two groups in the total cohort. Patients with metastasis were inclined to have a higher risk score.


Table 3. Correlations between risk score of the immune-related genes and lncRNAs-based classifier with clinicopathological characteristics in training cohort, validation cohort and total cohort.
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Prognostic Value of Classifiers for Assessing Overall Survival

As shown in Figures 4A–C, with the increase of risk score, the survival time of patients is decreased, and almost all the dead patients were enrolled in the high-risk group.


[image: Figure 4]
FIGURE 4. The prognostic value of IRGs and IR-lncRNAs–based classifier. The distribution of patients' risk score, survival state, and expression of all 15 biomarkers of the classifier in high- and low-risk group from the training (A), validation (B), and total (C) cohorts. Kaplan–Meier survival analysis of overall survival between high- and low-risk patients from the training (D), validation (E), and total (F) cohorts.


To further assess the prognostic value of the classifier, Kaplan–Meier test was conducted. As shown in Figures 4D–F, patients in high-risk group had significantly unfavorable prognosis.

Besides, the results of univariate Cox regression analysis in training, validation, and total cohorts further validated the prognostic value of classifier (Figures 5A–C). Moreover, multivariate analysis in the total cohort suggested that the classifier was an independent risk factor of survival for OS patients (Figure 5D).


[image: Figure 5]
FIGURE 5. The prognostic value of the classifier. Univariate and multivariate Cox regression analyses of the classifier with overall survival in the training (A), validation (B), and total (C,D) cohorts. The time-dependent ROC for 1-, 3-, and 5-years overall survival predictions for the classifier in training, validation, and total cohorts (E).


In addition, in the time-dependent ROC curve analysis, the areas under the curve for overall survival in the first, third, and fifth year were 1.009, 0.957, and 0.933, respectively, in the training cohort (Figure 5E), 0.945, 0.963, and 0.927, respectively, in the validation cohort; and 0.875, 0.956, and 0.927, respectively, in the total cohort. Moreover, the prediction capability of the classifier was superior to metastasis, which may be a major risk factor for tumor prognosis as reported by previous studies (Supplementary Figure 2).

The results above indicate that the IRGs and IR-lncRNAs–based classifier provided a useful prognostic tool with clinical value for appropriately categorizing patients with OS.



Patients With Low Risk Scores Correlated With High Immune Scores

As shown in Figure 6A, patients with low risk scores were related to high immune scores. Moreover, patients with high immune scores were correlated with better prognosis (Figure 6B).


[image: Figure 6]
FIGURE 6. (A) High-risk score correlated with low immune score. (B) Kaplan–Meier survival analysis of overall survival between high and low immune score. RS, risk score.




The Landscape of Immune Infiltration in OS

As shown in Figure 7A, we created a bar plot to demonstrate the proportion of 22 immune cells in each sample, which revealed that the five immune cells with the highest proportion in OS were M0 macrophages (38.6%), M2 macrophages (27.8%), T-cell CD4 memory resting (17.2%), mast cells resting (3.0%), and natural killer (NK) cells resting (2.9%). Then, we plotted the heat map of 22 immune cells in Figure 7B.


[image: Figure 7]
FIGURE 7. The composition (A) and heat map (B) of immune cells estimated by CIBERSORT algorithm in OSs. (C) The comparison of the fractions of immune cells between high- and low-risk group. (D) Kaplan–Meier survival analysis of overall survival between high and low level of infiltrating T-cell CD4 naive.


Additionally, Wilcoxon rank-sum test was used and revealed that the fractions of T-cell CD4 naive (P = 0.043), T-cell follicular helper (P = 0.049), dendritic cells resting (P = 0.049), and NK cells activated (P = 0.033) varied significantly between high- and low-risk-score patients (Figure 7C).

Besides, Kaplan–Meier analysis revealed that patients with low proportion of T-cell CD4 naive are associated with better overall survival (P = 0.05) (Figure 7D).



Screening for DEGs

A total of 1,135 DEGs, including 316 upregulated genes and 819 downregulated genes, were identified in the high-risk group, compared with the low-risk group (Figure 8A). We further performed pathway enrichment analysis for these DEGs. As shown in Figure 8B, the upregulated genes mainly enriched in the pathways of class A/1 (rhodopsin-like receptors), peptide ligand-binding receptors, GPCR ligand binding, GPCR downstream signaling, activation of C3 and C5, neuroactive ligand–receptor interaction, diseases of metabolism, signal transduction, inflammation mediated by chemokine and cytokine signaling pathway, and cell–cell communication. However, the downregulated genes mainly enriched in the pathways of transmembrane transport of small molecules, GPCR ligand binding, GPCR downstream signaling, class A/1 (rhodopsin-like receptors), neuroactive ligand–receptor interaction, starch and sucrose metabolism, retinol metabolism, drug metabolism–cytochrome P450, biological oxidations, and amino acid conjugation (Supplementary Figure 3).


[image: Figure 8]
FIGURE 8. Two-dimensional diagram of the three most significant drugs. (A) Thiamine, (B) harmalol, and (C) SC-19220.




Potential Small Molecule Drugs

We uploaded 404 DEGs of |log2FC| ≥2, consisting of 300 downregulated genes and 104 upregulated genes, into the CMap network tool. Among these highly significant correlated molecules, thiamine, harmalol, and SC-19220 were most negatively correlated with high-risk OS patients (Figure 8). They all might have the potential therapeutic effects on OS patients with high risk.




DISCUSSION

Osteosarcoma is the most common malignancy of bone and is characterized by highly aggressive and metastasis, which results in the very poor prognosis of patients (2). Thus, the identification of effective biomarkers for OS-specific prognoses is urgently needed to improve the management for patients. Taking into account the importance of the immune system in the progression of cancers and the highly specialized immune environment of bone (3, 28), it is essential to find out immune-related biomarker for the prognosis of OS patients, which may also play a significant role in immunotherapy.

In the present study, we constructed a prognostic classifier for OS by combining IRGs and IR-lncRNAs for the first time. A 12 IR-lncRNAs– and 3 IRGs-based classifiers for overall survival were constructed and validated to optimize the predictive ability of prognosis for OS patients. The results indicated that the classifier could successfully divide OS patients into high- and low-risk groups with significant differences in overall survival in the training cohorts. The prognostic value of the classifier was also confirmed in the validation cohort and the total cohort, indicating the repeatability and practicability of the IRGs- and IR-lncRNAs–based classifiers for the prognostic prediction for overall survival. Besides, the prediction capability of the classifier was superior to metastasis, which may be a major risk factor for tumor prognosis as reported by previous studies (29).

Among these 15 IR biomarkers, SNHG12, AL391421.1, AL390038.1, AC083900.1, RUSC1-AS1, AC025822.1, AL133410.1, and AL360182.2 were risk-associated, whereas AC117402.1, IL10RB-AS1, LINC01980, AL590764.1, IL7, SOCS1, and TMPRSS6 were protective (Table 1). Although some of the IR-lncRNAs in our classifier have not been functionally annotated and completely clarified, other biomarkers used in our classifiers have been explored. Previous studies showed that SNHG12 promoted tumorigenesis and metastasis in OS through upregulating NOCTH2 by sponging miR-195-5p (30). IL7 treatment promotes immune reconstitution significantly and improves the overall survival of pediatric sarcoma patients (31). SOCS1 acts as a cancer suppressor by promoting apoptosis and suppressing the metastasis of OS (32). Low expression of TMPRSS6 is related to the triple-negative and high grade of breast cancer (33). The upregulation of LINC01980 promotes tumor growth of esophageal squamous cell carcinoma (34). RUSC1-AS1 promotes the proliferation of breast cancer by inhibiting KLF2 and CDKN1A, which may serve as a potential hallmark for breast cancer (35). Given their strong relevance to prognosis, these genes should be explored in the future, especially in relation to OS.

Recently, many studies have demonstrated that tumor-infiltrating immune cells were associated with prognosis (36, 37). ESTIMATE algorithm is a simple method to predict the infiltration of immune cells by analyzing specific gene expression signature of immune cells and outputting immune scores (27). Previous ESTIMATE analyses have shown that immune cell infiltration is associated with prognosis in patients with various types of tumors (38, 39). In the present study, we found that the risk score based on the classifier negatively correlated with the immune score. Besides, patients with high immune scores have a favorable prognosis, indicating that immune cell infiltration of the TME could have a beneficial impact on prognosis. To further investigate the infiltration of immune cells, we conducted CIBERSORT analysis to illustrate the types of infiltrating cells. T-cell CD4 naive, T-cell follicular helper, dendritic cells resting, and NK cells activated were found significantly lower in the low-risk group. Besides, a low proportion of T-cell CD4 naive related to a better prognosis. Previous study revealed that tumor-infiltrating naive CD4 T cells are the important source of tumor-infiltrating regulatory T cells, which suppress the antitumor function of effector T cells and NK cells (40). Inhibiting the recruitment of T-cell CD4 naive into tumors reverses immunosuppression in breast cancer (41). Moreover, previous studies have shown that tumor-infiltrating T-cell follicular helper produced IL4 to suppress antitumor immunity by inducing myeloid cells to differentiate into M2 macrophages (42). Thus, infiltrating of T-cell CD4 naive and T-cell follicular helper may play important roles in the progression of OS, which will be well worth investigating.

Despite numerous attempts were done to improve the prognosis of OS, the outcome has remained unchanged over the past 3 decades (43). Herein, we identified three small molecules, thiamine, harmalol, and SC-19220, with potential therapeutic efficacy against OS. Thiamine (vitamin B1) is a coenzyme for transketolase, pyruvate dehydrogenase, and α-ketoglutarate dehydrogenase complexes, which plays fundamental roles in various intracellular metabolism processes (44), as well as the regulation of immune system (45). The role of thiamine in immune responses has been demonstrated in the brain that thiamine plays significant anti-inflammation roles in inhibiting the expression of proinflammatory factors (cyclooxygenase-2, IL1, IL6, and TNF) and suppressing the CD40L-mediated immune and inflammatory responses (46). Current views on the role of thiamine in tumorigenesis are controversial (47). Some studies showed that thiamine was much higher in tumor tissues than in adjacent normal tissues (48), and a low dose of thiamine supplementations promoted cancer growth (49), suggesting that antithiamine is a potential way for cancer therapy. On the other hand, some studies showed that a high dose of thiamine reduced cell viability in breast cancer cells, but not in normal breast epithelial cells (50). Thus, the role of thiamine in OS is well worth investigating. Harmalol, a β-carboline alkaloid, presents in several plants such as Peganum harmala (51). Previous studies showed that harmalol treatment induced apoptosis of lung and liver cancer cells by activating caspase-8, caspase-3, and p53 (52, 53), indicating a potential antitumorous role of harmalol for OS. However, the role of harmalol on the immune system remains unclear. Prostaglandin E2 (PGE2) is a bioactive lipid that displays a wide array of biological effects associated with inflammation and cancer (54). Accumulation of PGE2 in a cancer cell environment is a marker for the progression of many cancers (55). Blocking PGE2 abrogates bladder cancer chemoresistance (56). SC-19220 is a prostaglandin E2 antagonist, which showed potent anti-inflammation by suppression cytosolic phospholipase A2 (57) and antitumor capacities by promoting tumor cell apoptosis through E-prostanoid 1 suppression (58). Collectively, thiamine, harmalol, and SC-19220 possess high clinical potential worthy of further investigation for the treatment of OS, especially through the mechanisms of modulating the immune system.

Inevitably, the present study has some innate limitations that need to be addressed. First, it was a retrospective study based on the publicly online database. Second, the cohort of the current study consisted of only 88 samples, and there is no cohort for validation from other databases. Thus, large-scale, multicenter studies are needed to confirm our results before the IRGs- and IR-lncRNAs–based classifier can be applied in the clinic.



CONCLUSION

In our study, we first identified and validated a classifier containing 12 IR-lncRNAs and 3 IRGs with independent prognostic significance for patients with OS. Moreover, our classifier can also provide novel clinical applications for immunotherapies and immune targets for OS. Besides, based on the classifiers, we identified three small molecular drugs with potential therapeutic value for OS treatment.
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In the original article, there was a mistake in the legend for Figure 7D as published. There was no Kaplan–Meier survival analysis of infiltrating Mast cells activated in Figure 7. The correct legend appears below.




Figure 7 | The composition (A) and heat map (B) of immune cells estimated by CIBERSORT algorithm in OSs. (C) The comparison of the fractions of immune cells between high- and low-risk group. (D) Kaplan–Meier survival analysis of overall survival between high and low level of infiltrating T-cell CD4 naive.
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The authors apologize for these errors and state that these do not change the scientific conclusions of the article in any way. The original article has been updated.
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Background: It is well-described that the transcriptome of peripheral blood mononuclear cells (PBMCs) can be altered in the context of many malignancies to allow them avoid the effective immune response, which leads to cancer invasiveness. Here, we used an MS-based strategy to discover biomarkers in the PBMCs of breast cancer (BC) patients and validated them at different stages of BC.

Methods: PBMCs were isolated from the breast cancer patients and were cultured alone or co-cultured with breast cancer cell lines. The role of PBMC in the invasion property of breast cancer cells was explored. NF-kB activity was also measured in the co-cultured breast cancer cells. Identification of protein profiles in the secretome and proteome of the co-cultured PBMCs was performed using SWATH mass spectrometry. Pathway enrichment and gene ontology analyses were carried out to look for the molecular pathways correlated with the protein expression profile of PBMCs in the breast cancer patients. Quantitative real-time polymerase chain reaction (qPCR) was performed to validate the candidate genes in the PBMC fraction of the breast cancer patients at the primary and metastatic stages. In silico survival analysis was performed to assess the potential clinical biomarkers in these PBMC subtypes.

Results: PBMCs could significantly increase the invasion property of the BC cells concomitant with a decrease in E-cadherin and an increase in both Vimentin and N-cadherin expression. The NF-kB activity in the BC cells significantly increased following co-culturing implying the role of PBMCs in EMT induction. Enrichment analysis showed that the differentially expressed proteins in PBMCs are mainly associated with IL-17, PI3K-Akt, and HIF-1 signaling pathway, in which a set of seven proteins including TMSB4X, HSPA4, S100A9, SRSF6, THBS1, CUL4A, and CANX were frequently expressed. Finally, in silico analysis confirmed that a gene set consisting of S100A9, SRSF6, THBS1, CUL4A, and CANX were found to provide an insight for the identification of metastasis in breast cancer patients.

Conclusion: In conclusion, our study revealed that the protein expression profile in PBMCs is a reflection of the proteins expressed in the BC tissue itself; however, the abundance level is different due to the stage of cancer.

Keywords: PBMC, breast cancer, SWATH mass spectrometry, proteome, secretome, metastasis


INTRODUCTION

Tumors that originate from the epithelial cells grow in a dynamic and intricate stroma composed of endothelial cells, blood vessels, immune cells, and a variety of associated tissue-type cells along with matrix proteins and soluble factors (1–3). Indeed, all the required stimuli for tumor growth and progression are directly or indirectly provided by the tumor microenvironment. For example, immune effector cells, which are recruited to the tumor site, have been found to promote tumor growth in response to tumor-derived signals (4–7). In other words, a continual crosstalk between tumor cells and the surrounding stroma including the immune cells leads to development and metastasis of the tumor. It is noteworthy mentioning that metastasis is the main determinant of the clinical outcome of cancer patients (2, 8, 9). Consistently, both clinical and experimental evidence demonstrate the importance of tumor microenvironment in breast cancer invasiveness. Two of the most abundant immune cell populations found in the stroma of breast cancer are tumor-associated macrophages (TAMs) representing up to 50% of the tumor mass and T cells (10–14). Both of them might have been associated with a poor prognosis and detrimental clinical outcome in breast cancer patients, likely by promoting the epithelial to mesenchymal transition (EMT) process, metastasis, and angiogenesis. During EMT, tumor cells exhibit dynamic changes in epithelial and mesenchymal compositions, which endow tumor cells with enhanced invasive and resistance phenotypes (11, 15–17).

Peripheral blood mononuclear cells (PBMCs) as a source of myeloids and lymphoids represent a key feature in the host immune defense system. Upon recruitment of PBMCs to tumor site by tumor cells, they are then converted to tumor promoting immune cells including myeloid-derived suppressor cells (MDSCs) and TAMs by the action of tumor microenvironment factors. This is then followed by the activation of the signaling pathways, including Akt, STAT, and WNK, accompanied by changes in gene expression profiles. MDSCs and TAMs can promote or suppress the host immune response against cancers, including breast cancer by releasing a plethora of cytokines (18–24). TAMs inhibit antitumor immune responses mediated by T cells, and stimulate neoangiogenesis, extracellular matrix remodeling, and the subsequent tumor progression (25, 26). In addition, MDSCs can exert their immunosuppressive function through the induction of CD4+CD25+Foxp3+ regulatory T cells. As cytokines such as CSF-1 and VEGF and chemokines including CCL2 and CCL5 are important mediators in the recruitment and functional polarization of immune suppresser cells in a tumor microenvironment (26), research on the molecular alterations in PBMCs may provide new insights into cancer status.

Several studies have speculated that altered composition of the immune cells is linked to cancer metastasis (10, 27–29). On the other hand, preclinical and clinical studies have shown that EMT and invasion are vital prerequisites for tumor metastasis (1). Based on these observations and the fact that immune cells are an integral component of PBMCs, the objective of the current study is to identify the PBMCs-associated biomarkers correlating with immune-mediated EMT alterations that may be paramount in breast cancer progression. Thus, we established an in vitro co-culturing system using the premalignant epithelial breast cancer cell line MCF-7 and PBMCs, freshly isolated from breast cancer patients. We then analyzed the impact of PBMCs on the breast cancer cells in terms of phenotypic changes including the expression of EMT markers, invasion capacity, and NF-κB activity.

Herein, we report that PBMCs, isolated from breast cancer patients, induce invasiveness of breast cancer cells, while those isolated from healthy individuals lack such property. The proteome and secretome profiles of the PBMCs were also analyzed using LC-MS/MS spectrometry after co-culturing with breast cancer cells. Interestingly, these analyses revealed a similar series of biomarkers previously reported in metastatic breast tumors. These biomarkers were further validated in blood samples from patients in the primary and metastatic stages of breast cancer. Finally, a gene set consisting of S100A9, SRSF6, THBS1, CUL4A, and CANX were introduced as potential candidate genes helpful in distinguishing metastatic from non-metastatic breast cancer patients.



MATERIALS AND METHODS


Cell Culture

MDA-MB-231 and MCF-7 breast cancer cells were cultured according to standard protocols. MDA-MB-231, MCF-7, and PBMCs were cultured in a DMEM and an RPMI medium (Gibco-BRL, Rockville, IN), respectively, supplemented with 10% (v/v) fetal bovine serum (FBS), penicillin/ streptomycin (100 IU/mL and 100 μg/mL) (Gibco-BRL, Rockville, IN), and L-glutamine and then maintained at 37°C in a humidified 5% CO2 incubator. Once grown to 80% of confluence, MCF-7 or MDA-MB-231 cells were collected and co-cultured with PBMCs. In some experiments, cells were washed with PBS, and fresh serum-free media were added to obtain condition media (CM) after 24 h. Finally, CM was filtered through a 0.22-μm filter.



Patients and Peripheral Blood Mononuclear Cell (PBMC) Samples

A total of 24 venous blood samples were collected, among which 21 samples were from the patients and 3 from the healthy volunteers. Healthy PBMCs were obtained from the donors who experienced no relevant previous medical history, whereas 21 samples were obtained from the patients whom breast cancer was histologically confirmed before starting therapy (surgery, radiotherapy, or oncology). Additionally, PBMCs of 20 metastatic breast cancer patients were isolated to verify our findings. All samples were collected with informed consent from patients, and the current study protocol was established by the Human Ethics Research Committee of Shahid Beheshti University of Iran.



Peripheral Blood Mononuclear Cell (PBMC) Isolation and Co-culturing With Breast Cancer Cells

PBMCs were isolated from the buffy coat using a Lymphoprep gradient medium (density, 1.077 g/ml). Freshly isolated PBMCs from each subject were seeded into the upper and breast cancer cells into the lower compartments of Transwell-6 well culture plates (4-μm pore size, SPL Life Sciences, Korea), for performing the invasion and immunoblotting assays. To analyze the proteome and the secretome, PBMCs were cultured into the lower side of 100-mm cell culture dishes and MCF-7 cells into the upper side of the chamber. The ratios of PBMCs and breast cancer cells for co-cultures were established at 7:1 for 5 days.



Determination and Characterization of EMT Phenotypes

Western immunoblotting was carried out on the co-cultured MCF-7 and MDA-MB-231 cells lines, using antibodies against epithelial (E-cadherin) and mesenchymal (N-cadherin and vimentin) markers. Briefly, co-cultured cells were washed three times with ice-cold phosphate buffered saline (PBS), and then total protein lysis was performed using a lysis buffer [62.5 mM Tris-HCl, pH 6.8, 0.1% sodium dodecyl sulfate (SDS), 50 mM DTT, 25% Glycerol] with protease inhibitors and harvested by scraping and then denatured by boiling at 95°C. Total cell lysates with equal amounts of protein samples per well were separated by 10% SDS-PAGE gel electrophoresis and electro-transferred onto PVDF membranes (GE Health Care Life Sciences, Buckinghamshire, UK) for 2 h at 300 V. The blots were then blocked with 1% w/v casein in Tris-buffered saline (TBS, pH 7.8) for 2 h and probed with primary antibodies overnight at 4°C. The following primary antibodies were used: E-cadherin (1:200), N-cadherin (1:500), vimentin (1:500), and GAPDH (1:1,000). Immunodetection of proteins was performed after incubation with horseradish peroxidase (HRP)-linked secondary antibody (Cell Signaling Technology, 7074S, Beverly, MA) (1:8,000) using an Amersham ECL western blotting detection reagent (GE Healthcare, Buckinghamshire, UK). Relative band intensity was determined by using the ImageJ software.



Cell Invasion Assay

After 5 days mono- or co-culture, PBMCs were removed from the co-cultures, and breast cancer cells were detached by trypsin. Following washing in PBS, cell invasion test was performed in the Transwell-24 well with 8-μm pores (SPL Life Sciences, Korea) coated with 60 μl of diluted Matrigel (0.5 mg/ml, BD Biosciences, San Jose, USA) on the inner surface described before. Once the Matrigel was polymerized, mono- and co-cultured breast cancer cell suspensions (50,000 cells/well in a serum-free medium) were placed in the upper chamber and 750 μl of chemoattractant (a complete medium containing 10% FBS) was added to the lower compartment in order to attract cells. In this case, cells could then adhere to or migrate through the porous membrane in response to the chemo-attractant. Upon 24 h incubating at 37°C, non-invaded cells were removed from the top of the Matrigel using a cotton-tipped swab, and the cells on the underside of the membrane were washed and fixed in 4% PFA and stained for 20 min in a crystal violet solution (0.5 mg/ml). Finally, four random fields of the penetrated cells in each well were counted by using a microscope at ×40 magnification in order to assess the invasiveness. Each invasion assay was repeated at least in three independent experiments.



NF-κB Activity Assay

Five days after mono- or co-culturing of MCF-7 cells with PBMCs, the activity of NFKB was evaluated using a TransAM® NFκB Transcription Factor ELISA Kit (#40096, Active Motif, Belgium) according to the kit's instructions. Following incubation time, cells were washed two times with 1 ml of PBS supplementing with PhosStop phosphatase inhibitor cocktail (Roche, USA) and 0.05% NP-40. An ultracentrifugation was applied to extract nucleus from the cytoplasmic fraction. Upon lysing the nucleus pellet by nucleus lysis buffer and further centrifugation at 14,000× g to extract nuclear proteins, protein concentration was determined using Bradford assay. Ten micrograms of nuclear extract was added to each well of DNA-coated wells. To measure the fraction of DNA-attached NF-kB, HRP-conjugated anti-phospho-p65 primary antibody was then added to each well, and the fluorescence intensity was determined at 630 nm (Stat Fax-2100, ST. Louis, USA).



LC-MS/MS

A quantitative LC-MS/MS was carried out in order to screen both proteome and secretome profiles of the PBMCs co-cultured with MCF-7 cells compared to those of the untreated PBMCs obtained from patients characterized as hormone and Her2 receptors positive. The experimental design included samples from patients with the confirmed breast cancer patients (stage 2/3). Experiments were performed in pooled biological replicates.



Sample Preparation for LC-MS/MS

Total proteins were extracted from the co-cultured PBMCs and PBMCs alone using the lysis buffer mentioned earlier, followed by SDS sedimentation using 1 M of KCl solution. Proteins were resuspended in a cocktail containing urea (6 M) + thiourea (2 M) + CHAPS (4%) + 50 mM Tris pH 8.0 and then quantified using Pierce 660-nm protein assay. A 40 μg protein sample was reduced with 10 mM of DTT for 15 min at 65°C and then alkylated for 30 min at room temperature in the dark using 15 mM of iodoacetamide. Afterwards, proteins were precipitated overnight by adding eight volumes of ice-cold acetone plus one volume of ice-cold methanol and incubated at −80°C overnight. Proteins were pelleted by centrifugation, and the pellet was then washed three times with ice-cold methanol. Finally, proteins were resuspended in 100 μl of 0.75 M urea plus 50 mM Tris pH 8 and digested using 1 μg of Trypsin/LysC overnight at 37°C with agitation. Samples were then acidified with 2% of formic acid, and the peptides were purified by the reversed phase SPE (solid phase extraction).



LC-MS/MS Parameters (MRM)

Acquisition was performed with a Triple TOF 5600 (ABSciex, Foster City, CA, USA) equipped with an electrospray interface with a 25 μm i.d. capillary and coupled to an Eksigent μUHPLC (Eksigent, Redwood City, CA, USA). Analyst TF 1.7 software was applied to control the instrument, process, and acquire the data. Acquisition was performed in SWATH acquisition mode. For the SWATH mode, the source voltage was set to 5.5 kV and maintained at 225°C. Curtain gas was established at 25 psi; ion gas one at 16 psi and ion gas two at 15 psi. Separation was performed on a reversed phase HALO C18-ES column (0.3 mm i.d., 2.7-μm particles, 150 mm long; Advance Materials Technology, Wilmington, DE), which was maintained at 60°C. Samples were injected by loop overfilling into a 5-μl loop. For the 60-min LC gradient, the mobile phase consisted of the following solvents: A (0.2% v/v formic acid and 3% DMSO v/v in water) and B (0.2% v/v formic acid and 3% DMSO in EtOH) at a flow rate of 3 μl/min.



Data Quantification

Samples were quantified using the SWATH atlas human ion library with the PeakView software (Sciex). A peptide was considered as adequately integrated if it had a score higher than 1.5 or an FDR lower than 0.05. The sum of each adequately integrated peptide was computed for each protein with a max of 15 peptides per protein.



Identification of the Differentially Expressed Proteins (DEPs) and Bioinformatics Analysis

Proteins were quantified and normalized from two pooled biological replicates. The Log2 fold change value was utilized to select the differentially expressed proteins. Log2 fold changes with a cutoff value of 0.6 were considered to be significant. Among these, those with a log2 ratio >0.6 were regarded as upregulated and those < −0.6 as downregulated proteins. The differentially expressed proteins were further subjected to protein–protein interaction (PPI) and functional analyses.

The STRING software (version 11.0; https://string-db.org/) was applied to construct PPI networks using the default parameters and confidence levels (0.4). The Cytoscape software (version 3.5.1) was used for network visualization. Analysis for topological properties of the network with a different criterion like degree of connectivity to a node was calculated using Network Analyzer plugin algorithms in the Cystoscope in which nodes were ranked according to the degree. Gene ontology and pathway enrichment analysis of the differentially expressed proteins in the proteome and the secretome of the PBMCs was carried out using the Enrichr web tool (https://amp.pharm.mssm.edu/Enrichr/) to detect proteins behind the similar processes. An enrichment p-value calculation based on the modified Fisher's exact test was done for the most relevant biological terms enriched in the given list. The enrichment p-value was corrected using the Benjamin–Hochberg method to control the false discovery rate. Moreover, the SecretomeP web tool was used to identify the PBMCs-secreted proteins (http://www.cbs.dtu.dk/services/SecretomeP/).



RNA Extraction and Quantitative Real-Time PCR (qPCR) Analysis

To further confirm the identified proteins in PBMCs, their mRNA levels were examined in co-cultured PBMC samples along with PBMCs isolated from another set of 10 metastatic breast cancer patients using the quantitative real-time PCR assay. Briefly, after co-culturing, total mRNA was extracted from PBMCs using RNX-Plus (Cat. No: YT9066-YT9064, YTA, Iran) according to the manufacturer's instructions. RNA concentration and purity were spectrophotometrically quantified based on measurement of the absorbance at 280 nm. First strand complementary DNA (cDNA) was synthesized using 542 ng of total mRNA by a cDNA synthesis Kit with MMLV reverse transcriptase (Cat No: YT4500, YTA, Iran). Data were normalized to the GAPDH expression level and presented as the averages from two independent experiments. The primer sequences of the target genes are listed in Table 1.


Table 1. Sequences of the primers used for detection and quantification of the mRNA expression level.

[image: Table 1]



Prognostic Impact of the Identified Proteins in Breast Cancer Patients With High and Low Expression Levels

Survival rates were estimated by the Kaplan–Meier method using the web tool available at https://kmplot.com/. This tool performs validation and prognostic analysis of the available gene expression datasets. The hazard ratio (HR) was used to predict the impact of genes on the survival rate. P < 0.05 was considered as statistically significant.



Statistical Analysis

Assays were conducted in at least three independent experiments to obtain data for statistical analyses. No statistical method was used to calculate sample size. For Western blotting data, representative images from three biological replicates are shown. Statistical differences were determined by two-tailed unpaired Student's t-test between two groups or ANOVA among more than two groups, as appropriate. Statistical analysis was performed using GraphPad Prism 7. A p-value of 0.05 was considered as statistically significant. The levels of mRNA expression were established by a linear model. Receiver operating characteristic (ROC) curves and the area under the curves (AUCs) were constructed to evaluate the diagnostic values of each biomarker. The Youden index was determined using the DiagTest3Grp package in R software (30). All quantitative data are presented as mean ± standard errors (SEM).




RESULTS


PBMCs Induced EMT in Breast Cancer Cells

To evaluate whether PBMCs are able to induce EMT in the epithelial-like or mesenchymal-like breast cancer cells, we co-cultured freshly isolated PBMCs with two human breast cancer cell lines (MCF-7 and MDA-MB-231) exhibiting two different patterns of E-cadherin and N-cadherin expression for 5 days. We then assessed the EMT-related surface marker changes in the breast cancer cell lines following co-culturing. Since no changes in the expression levels of EMT markers were detected in the two cell lines after co-culturing with the PBMCs taken from healthy individuals, we decided to further examine the breast cancer cell lines co-cultured with PBMCs obtained from patients in the primary stage of breast cancer. As shown in Figures 1A–D, PBMCs from breast cancer patients decreased E-cadherin expression in MCF-7 cells. This effect, though somewhat stronger, was also observed with 50% of MCF-7 condition media (CM). Interestingly, an elevated expression level of mesenchymal proteins (N-cadherin and vimentin) was detected only in the presence of CM. MDA-MB-231 cells revealed a significant increase in vimentin and N-cadherin expression upon co-culturing with PBMCs obtained from triple negative patients in the mere presence of conditioned media (50%) (Figures 1E,F). Of note, we detected no E-cadherin expression in MDA-MB-231 cells before and after co-culturing with PBMCs, observations that were in line with previous studies reporting that the E-cadherin expression level in MDA-MB-231 cells is suppressed by methylation in the promoter of the gene (31, 32). Our findings strengthen the hypothesis that PBMCs might be involved in EMT induction in premalignant breast cancer cells to acquire a metastatic phenotype, which acts as an undesirable factor to activate cancer invasion (25, 33).


[image: Figure 1]
FIGURE 1. EMT markers expression in breast cancer cells. Immunoblot analysis illustrates expression of various epithelial and mesenchymal markers in breast cancer cells: (A) MCF-7 cells (right column) as well as MDA-MB-231 cells (left column). (B–F) Quantification of the intensity using the ImageJ software. Data are representative of at least three independent experiments with three biological replicates (*p < 0.05, **p < 0.01, ***p < 0.001).




PBMCs Enhanced Invasiveness of Breast Cancer Cells

To confirm that the expression of EMT markers correlates with an increased invasive behavior in the breast cancer cells upon co-culturing with PBMCs, matrigel invasion assay was applied. As shown in Figure 2A, in the absence of PBMCs, no MCF-7 cells invaded the membrane. Albeit, a strong induction of cell invasion was visualized in the presence of PBMCs. Furthermore, co-culturing with PBMCs elevated the number of invaded MDA-MB-231 cells by about 4-fold compared to the MDA-MB-231 cells alone with a partial aggressive phenotype (Figure 2B). These data support the findings of EMT marker determination and demonstrate the strong effect of PBMCs on the invasiveness of breast cancer cells.


[image: Figure 2]
FIGURE 2. Matrigel invasion assay of (A) MCF-7 and (B) MDA-MB-231 cells after co-culturing with PBMCs in the presence of 50% conditioned media (CM) for 5 days. Results reported as mean ± SEM performed in triplicates, ****p < 0.0001; p-values were obtained using two-tailed Student's t-tests.




NF-κB Promoted Breast Cancer Cell Invasion

As NF-κB is an essential transcription factor for inducing EMT through different pathways (25, 34), we thus decided to explore the role of PBMCs in EMT induction by determining NF-κB transcriptional activity. A p65 nuclear translocation in both MCF-7 and MDA-MB-231 cells co-cultured with PBMCs was revealed. As illustrated in Figure 3, PBMCs enhanced NF-κB transcriptional activity by about 1.4- and 2.2-fold in MCF-7 and MDA-MB-231 cells, respectively, compared to the breast cancer cells alone. Since NF-κB activity is highly associated with the ability to secrete a wide panel of cytokines leading to immune cell differentiation (25), we also analyzed the secretome of the breast cancer cells before and after co-culturing with PBMCs.


[image: Figure 3]
FIGURE 3. The relative level of NF-kB activity in (A) MCF-7 and (B) MDA-MB-231 breast cancer cells. Data are represented as mean ± SEM performed in triplicates (*p < 0.05, **p <0.01). p-values were obtained using two-tailed Student's t-tests.




Proteome and Secretome Profiles of PBMCs

One of the goals in this study was to evaluate the prognostic and diagnostic values of PBMCs in breast cancer patients with the assumption that a proper protein signature might be identified in the associated PBMCs. Hence, we performed SWATH mass spectrometry–based label free quantitative analysis of the proteins extracted from the PBMCs before and after co-culturing with MCF-7 cells. A total of 440 proteins were identified in both co-cultured PBMCs and PBMCs alone, of which 290 belonged to the former and 393 to the latter (the sum of each adequately integrated peptide was calculated for each protein with a maximum of 15 peptides per protein) (FDR < 0.05). Fold change (≤-1.5 and ≥1.5) of proteins between the co-cultured and control groups was established as a criterion to categorize the differentially expressed proteins (Supplementary Table 1). As a result, among the 222 differentially expressed proteins from the 440 detected proteins, 164 and 58 were up- and downregulated in the co-cultured PBMCs compared to the control, respectively. Furthermore, to identify the mediators involved in EMT-associated alterations induced by PBMCs, supernatants of mono- and co-cultured PBMCs and MCF-7 cells were also subjected to mass spectrometry analysis. Out of the 308 identified proteins, 137 belonged to the supernatant sample of the co-cultured PBMCs, 114 to PBMCs alone, and 105 to MCF-7 cells. Among the differentially expressed proteins in the supernatant of the co-cultured PBMCs vs. PBMCs alone, 124 were upregulated and 10 downregulated. Besides, of the 128 differentially expressed proteins in the supernatant of the co-cultured PBMCS, 116 were high-abundant and 12 were low-abundant compared to the supernatant of the MCF-7 cells alone. These results are presented in Supplementary Table 1.



Bioinformatics Analysis

In order to achieve a global insight into the differentially expressed proteins associated with EMT, Gene Ontology and KEGG pathway analysis along with the related diseases and disorders were applied to analyze molecular and cellular functions as well as the canonical pathways altered in PBMCs during the EMT process. Functional protein association networks were constructed and visualized using the String database and the Cytoscape software.

GO analysis was used to assign the functional relevance of the differentially expressed proteins in the proteome and secretome of PBMCs to three independent ontologies: biological processes (BPs), molecular functions (MFs), and cellular components (CCs). In terms of BPs, 222 altered proteins in the proteome were annotated as being involved in negative regulation of programmed cell death, positive regulation of cell morphogenesis contributing to cell differentiation, positive regulation of NF-kappaB transcription factor activity, glyceraldehyde-3-phosphate metabolic process, antigen processing and presentation of exogenous peptide antigen, pattern recognition receptor signaling pathway, positive regulation of protein kinase B signaling, and glucose 6-phosphate metabolic process (Table 2). With respect to MF ontology, the key functions of the altered proteins were linked to binding, such as RNA binding (GO:0003723), cadherin binding (GO:0045296), actin binding (GO:0003779), RAGE receptor binding (GO:0050786), and protein kinase binding (GO:0019901). Furthermore, the most enriched cellular components were related to the secretory granule lumen (GO:0034774), focal adhesion (GO:0005925), cytoskeleton (GO:0005856), ficolin-1-rich granule lumen (GO:1904813), actin cytoskeleton (GO:0015629), lysosome (GO:0005764), lytic vacuole (GO:0000323), nucleolus (GO:0005730), and INO80-type complex (GO:0097346). Pathway analysis of the differentially expressed proteins in the co-cultured PBMCs vs. PBMC control cells revealed PPAR, IL-17, and PI3K-Akt as the most highly enriched signaling pathways, most likely involved in cancer progression including breast cancer. In addition, other pathways such as proteoglycans in cancer, pentose phosphate, phagosome, pathogenic Escherichia coli infection, and bacterial invasion of epithelial cells were also enriched (Table 3). These results imply the interplay of inflammatory and metabolic pathways in cancer progression during the EMT process.


Table 2. GO enrichment analysis (biological process) of the proteome of co-cultured PBMC vs. PBMC alone.
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Table 3. Pathway analysis of the proteome of co-cultured PBMC vs. PBMC alone.

[image: Table 3]

Moreover, following BP analysis of the supernatant of the co-cultured vs. PBMC control cells, 181 differentially expressed proteins were significantly enriched, based on a P-value of <0.05, in processes including nuclear transport (GO:0051169), regulation of DNA-templated transcription in response to stress (GO:0043620), superoxide metabolic processes (GO:0006801), signal transduction involving mitotic G1 DNA damage checkpoint (GO:0072431), nucleotide-excision repair (GO:0006289), DNA damage response, and signal transduction by a p53 class mediator resulting in cell cycle arrest (GO:0006977).

Pathway analysis of the secretome from the co-cultured PBMCs vs. control PBMCs identified 44 significantly enriched pathways based on the P < 0.05, the most prominent of which were as follows: oocyte meiosis, cell cycle, glioma, prion diseases, starch and sucrose metabolism, thyroid cancer, bladder cancer, PI3K-Akt signaling pathway, human immunodeficiency virus 1 infection, human T-cell leukemia virus 1 infection, and HIF-1 signaling pathway. Enrichment of these pathways is in agreement with the signaling pathways of the proteome highlighting the EMT in breast cancer cells. Consistently, pathway analysis of the co-cultured supernatants vs. tumor cells exhibited similar results (data are not shown). Analysis of the related diseases and disorders of the altered proteins in the proteome of the co-cultured PBMCs vs. PBMCs alone unveiled a contribution of these proteins in the tumor progression of various cancers including liver carcinoma, metastatic breast cancer, breast carcinoma, adenocarcinoma of the lung, and malignant neoplasm of the stomach.

To sum up, based on the bioinformatics analysis, seven target proteins were subjected to further analysis in the PBMC samples of metastatic and non-metastatic cancer patients. These proteins included TMSB4X, HSPA4, S100A9, SRSF6, THBS1, CUL4A, and CANX. PPI analysis of the co-cultured PBMCs proteome was performed for protein rank determination (Figure 4). TMSB4X, SRSF6, and THBS1 displayed high connectivity degree values among the human protein–protein interaction networks according to the topological analysis, introducing these proteins as potential signatures in PBMCs of breast cancer patients.
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FIGURE 4. Protein–protein interaction map of the differentially expressed proteins in the co-cultured PBMCs vs. PBMCs alone. Major hubs were highlighted. TMSB4X, SRSF6, and THBS1 are represented as significant signature based on the high connectivity degree value in the human protein–protein interaction networks.




Further Confirmation of Data Using Quantitative Real-Time PCR (qPCR)

As shown in Figure 5, the identified PBMC biomarkers (TMSB4X, HSPA4, S100A9, SRSF6, THBS1, CUL4A, and CANX) were significantly upregulated in the breast cancer patients at the metastatic stage compared to both the primary stage and healthy individuals (p < 0.001). The mRNA levels of SRSF6 and CUL4A were significantly decreased in patients at the primary stage in comparison with those in the healthy individuals (p < 0.001).
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FIGURE 5. mRNA expression level of PBMC signature genes between different groups. The linear model was used to determine statistical significance at the level of p < 0.05.


We also performed multivariate analysis across the identified biomarker list to explore the best biomarker candidates. Our analysis introduced CANX with the highest diagnostic value in distinguishing breast cancer patients at the primary or metastatic stages from the healthy individuals. To further verify the diagnostic value of CANX in breast cancer patients, receiver-operating characteristic (ROC) curve analysis was applied. The results indicated that AUC, sensitivity, and specificity were 100% for CANX (Supplementary Figure 1). Youden index analysis also showed that five proteins including S100A9, SRSF6, THBS1, CUL4A, and CANX can accurately diagnose breast cancer patients at the metastatic and primary stages from healthy individuals (Figure 6A).
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FIGURE 6. Prognostic curve of the related PBMC gene signatures. (A) Boxplot of the Youden index calculated for PBMC gene signatures, S100A9, SRSF6, THBS1, CUL4A, and CANX, could accurately distinguish metastatic and primary breast cancer patients from healthy objects. D− refers to metastatic breast cancer patient, D0 healthy subjects, and D+ primary breast cancer patient cut-points (optimal cut-points indicated in dashed lines). Kaplan–Meier curves show (B) relapse-free survival in breast cancer patients and (C) overall survival and (TCGA data set). The red and black curves represent the high and low expression levels, respectively. p-values are shown at the upper-right corner. HR, hazard ratio.


Finally, we attempted to evaluate the prognostic impact of this set of genes as proliferation markers on the survival rate of breast cancer patients. To do this, survival rates were measured using the Kaplan–Meier method, and the results are illustrated in Figures 6B,C. Our findings revealed increased levels of S100A9 and CUL4A leading to a reduced overall and relapse-free survival rate in breast cancer patients. CANX showed no significant impact on either the overall or relapse-free survival rate (hazard ratio = 0.8, P = 0.17).




DISCUSSION

It has repeatedly been reported that transcriptome profiling in PBMCs is altered in the context of cancers (33, 35). Formation of metastasis occurs due to not only epithelial to mesenchymal transition but also the immunomodulatory effect of tumor cells on PBMCs allowing cancer cells to escape the immune attack (33). Consequently, investigation on PBMC profile has drawn a great deal of attention among researchers. Moreover, PBMC protein profile represents a reflection of the proteins in tumor cells, providing a possibility for the prediction of tumor behavior, patient outcome, and making treatment decisions. Taking into account the prognostic impact of PBMCs in breast cancer, we decided to enhance our understanding of the molecular biology of PBMCs in order to offer new perspectives on breast cancer metastasis. Our current findings indicated that co-culturing with PBMCs promotes the invasiveness of breast cancer cells in vitro and enhances NF-kB activity as well, suggesting the potential role of PBMCs in the progression of breast cancer. Hence, PBMC protein profiling was evaluated to discover the underlying mechanisms.

Next, we implemented SWATH MS-based biomarker discovery and identified 440 proteins in the co-cultured PBMCs and PBMCs alone. Our findings revealed that co-cultured PBMCs express proteins involved in breast cancer progression, a finding in line with our previous in vitro results. Functional annotation and enrichment analysis of 222 differentially expressed proteins with a greater than 1.5-fold change indicated that co-culturing with breast cancer cells leads to immunosuppression of PBMCs by modulating several specific tumor progression pathways (i.e., PPAR, IL-17, PI3K-Akt, positive regulation of protein kinase B signaling, and HIF-1 signaling pathway, positive regulation of NF-kB transcription factor activity). In addition, based on the functional analysis of PBMC proteome, we identified a set of seven well-known tumor progression proteins including TMSB4X, HSPA4, S100A9, SRSF6, THBS1, CUL4A, and CANX, which take a part in the above-mentioned pathways.

In order to give an explanation for the high- and low-abundant proteins, we point out some roles of these proteins in cancer progression. In this regard, Thymosin-ß4 (Tß4; TMSB4X) and THBS1 are considered as tumor promoters with a poor prognosis in different types of cancers (25–28). Interestingly, TMSB4X has a function in the TGF-ß/Tß4/MRTF signaling pathway, leading to EMT induction and metastasis (36). SRSF6 behaves as an oncogene protein and is associated with proliferation, transformation, and tumorigenicity of immortal cancer cells (37–40). Of note, our network analysis of PBMC proteome established these three proteins as a significant signature based on the topological characteristics displaying a high connectivity degree value among the human protein–protein interaction networks.

As described in the literature, HSPA4 is a tumor membrane antigen having a role in tumor metastasis through activating the NF-κB pathway. Clinically, high HSPA4 expression in breast cancer has been shown to be correlated with increased lymph node metastasis (41). Besides, S100A9 is a member of the calcium-binding protein family, which regulates the inflammatory responses (42). S100A9 is considered as a driving force for migration and invasion in cancer cells through a number of signaling pathways including ERK1/2, MAPK, JNK, and NF-kB (43). Interestingly, S100A9 is expressed in both tumor and infiltrating immune cells. In breast cancer cells, this protein facilitates interactions between tumor cells and their surrounding microenvironment, which results in the aggressive tumor phenotypes and poor survival outcome (43). Cullin4A (Cul4A) as an oncogene (44) mediates the EMT process in breast cancer cells, which in turn causes metastasis by modifying the regulatory ZEB1 gene (45). CANX contributes to the synthesis and folding of proteins through the Calreticulin/CANX cycle (46). CANX expression is significantly correlated with the transition from the angiogenesis-independent to angiogenesis-dependent (i.e., more invasive) tumor growth (47). Overall, these observations imply that PBMCs contain abundant data about the interactions between the tumor and its microenvironment, introducing them as suitable candidates for use as biomarkers in predicting the risk of cancer progression. However, since these findings are solely based on the information obtained from our in vitro co-culture data, we next decided to validate the candidate PBMC biomarkers in breast cancer patients.

In the second part of this study, we examined whether the set of seven proteins identified as candidate PBMC biomarkers is expressed in the PBMC fraction of breast cancer patients at primary and metastatic stages. Surprisingly, most of the proteins did not exhibit the same expression patterns detected in either the co-cultured samples or in the samples at different stages of breast cancer. Furthermore, our findings revealed opposing abundance levels of some of the identified proteins in the PBMCs of primary and metastatic BC patients; HSPA4 and CANX had a significantly high abundance level in patients at both primary and metastatic stages, while the remaining proteins were downregulated in the patient's PBMCs at the primary stage, which were in contrast to the metastatic stage.

Interestingly, previous results have demonstrated a correlation between the expression of immune-related genes in PBMCs and a downregulated expression in tumor tissues (35, 48, 49). In line with these reports, our findings also revealed downregulation in PBMCs of TMSB4X, SRSF6, THBS1, CUL4A, and S100A9 genes in patients at the early stage, suggesting an inverse correlation between their expression in tumor tissues and PBMCs of the primary stage patients. Of particular note is the similarity between the expression pattern of these genes in patients at the metastatic stage and those obtained from tumor tissues.

Here, the question then arises as to whether the PBMCs overexpress these genes or they capture the tumor-derived exosomes leading to the high expression levels of these genes in PBMCs. Our ongoing research is focused on evaluating the role of exosomes as metastatic material carriers in the immunomodulation of PBMCs.

Additionally, we performed Youden index analysis in order to identify a biomarker that is capable of differentiating healthy individuals from BC patients at primary and metastatic stages. Our data revealed that except for TMSB4X and HSPA4, the remaining genes can be regarded as suitable candidates. Moreover, in order to explore the effective biomarkers for diagnosis, multivariate analysis was carried out revealing CANX as the only candidate with the highest diagnostic efficiency in distinguishing metastatic from primary BC patients and healthy objects. Further verification through ROC analysis revealed significant sensitivity and specificity for CANX, introducing it as a protein with a promising diagnostic value. In order to evaluate the prognostic aspect of the identified genes, Kaplan–Meier analysis using a publicly available dataset was carried out. Among the seven genes examined, a high expression level of S100A9 was associated with a significantly shorter overall and relapse-free survival in breast cancer patients. In other words, although CANX could be considered as a suitable diagnostic PBMC marker, its prognostic effect depends on the subtype of breast cancer.

In summary, the present study implies the immunosuppressive role of PBMCs in tumor progression of breast cancer cells. Indeed, the protein expression profile of PBMCs was a reflection of the proteins expressed in the BC tissues; however, the abundance levels were different due to the stage of the cancer. Furthermore, a gene set consisting of five genes was found to be helpful in distinguishing metastatic from non-metastatic breast cancer patients. Collectively, these results reflect the advantages and major bottlenecks in biomarker discovery using a fully proteomic approach and should be interpreted with caution due to the small number of breast cancer patients evaluated.
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Drug development targeting the most frequently mutation G12D of KRAS has great significance. As an attractive immunotherapy, cancer vaccines can overcome binding difficulties of small molecules; however, the weak immunogenicity and production difficulties of reported KRAS mutation vaccines limit their clinical application. To improve antigen-specific immune responses and Anti-Tumor effects on tumors expressing KRAS G12D mutation, we designed recombinant proteins containing KRAS peptide (amino acids 5–21) with G12D (called SP) in two forms: DTT-SP4 and DTSP. DTT-SP4 was constructed by fusing four copies of SP to the C-terminal of the translocation domain of diphtheria toxin (DTT), and DTSP was constructed by grafting SP onto DTT. The two vaccines in combination with aluminum hydroxide (Alum) and cytosine phosphoguanine (CpG) successfully induced conspicuous SP-specific humoral and cellular immune responses, and displayed prominent protective and therapeutic Anti-Tumor effects in mouse CT26 tumor models. Surprisingly, the DTSP-treated group displayed better Anti-Tumor effects in vivo compared with the DTT-SP4-treated and control groups. Moreover, 87.5 and 50% of DTSP-treated mice in the preventive and therapeutic models were tumor free, respectively. Notably, in the DTSP-treated group, the interferon-γ (IFN-γ) expression of T cells in vitro and the T-helper 1 (Th1)–related cytokine expression in tumor tissues indicated that the activated Th1 immune response may be involved in Anti-Tumor activity. Furthermore, DTSP treatment remarkably altered the subpopulation of T cells in splenocytes and tumor-infiltrating lymphocytes. The percentage of effector CD8+ T cells increased, whereas that of immunosuppressive CD4+Foxp3+ T cells remained reduced in the DTSP group. Dramatic tumor-inhibitory effects of DTSP, which is easily prepared, make it a more attractive strategy against KRAS G12D tumors.

Keywords: KRAS, diphtheria toxin, vaccine, immune response, G12D


INTRODUCTION

KRAS mutations, as common driver mutations, are mainly observed in pancreatic cancer (PDA), colorectal cancer (CRC), and lung cancer, with mutation frequencies of 97.7, 44.7, and 30.9%, respectively (1). Mutant KRAS promotes not only the proliferation of cancer cells but also the infiltration of immunosuppressive cells such as regulatory T cells (Tregs) and reduces the proportion of CD8+ T cells in tumors (2–6). Genetic aberrations such as KRAS mutations are specific to cancer and do not exist in normal tissues (7). Thus, targeting the typical hot-spot mutations in KRAS is an attractive approach in KRAS mutated cancer treatment.

Unfortunately, KRAS was once considered as an “undruggable” target because it lacks hydrophobic pocket for drugs to bind (1, 8, 9). Amgen reported the first-phase clinical effect of a KRAS-G12C inhibitor AMG-150 (NCT03600883), with an effective rate of 54% and a disease control rate of 100% at a high dose (960 mg/day) in 2019 (10). However, for other KRAS mutations, small molecule drugs still remain elusive, with no effective targeted therapy at present for patients with KRAS-mutant cancer (1, 9, 11).

Mutated RAS peptides loaded on antigen-presentation cells can induce RAS mutation-specific T-cell responses (12–15). This reveals that mutant KRAS proteins can be presented on the cell surface through intracellular processing. Activated KRAS mutation-specific T cells can kill KRAS-mutant tumor cells, leading to the inhibition of KRAS-mutant tumor growth. Therefore, KRAS targeting immunotherapy, which can avoid the necessity of binding with KRAS hydrophobic pockets, has attracted attention. Tran et al. have identified cytotoxic T-cell response against KRAS G12D mutation in tumor-infiltrating lymphocytes (TILs) and all seven metastatic lung nodules of the patient carrying G12D mutation were regressed after the expanded TILs infusion (16). Although TILs are difficult to isolate, purify, and prepare on a large scale, this exciting result provides a good evidence for immunotherapy against KRAS mutations.

The use of vaccines, which are an active immunotherapeutic method for KRAS-mutant cancer, can overcome the binding problem of small molecule drugs and the difficulty of isolating and preparing TILs. Mutant KRAS peptides in combination with different adjuvants have been used in a series of clinical trials. Their safeties have been proven (17–20); however, the peptide-specific T-cell response and Anti-Tumor activity have not been confirmed in these studies. Most of the clinical trials reported previously were stopped in phase I/II (17, 19–22). Because of its weak immunogenicity, KRAS-mutant peptide vaccines do not appear to be immunogenic to all patients (23, 24), although they harbor predicted major histocompatibility complex (MHC) I alleles binding to KRAS mutations with considerable affinity (17, 25). The weak or inconclusive immune response induced by reported KRAS vaccines hinders the clinical use of these vaccines. Thus, an effective means for enhancing the immune response of mutant KRAS vaccines is urgently needed.

In this study, we focused on the G12D mutation, which represents the highest frequency of KRAS mutations (26). To enhance the immune response of the mutant KRAS G12D peptide, we fused the mutant peptide SP with a previously reported carrier protein DTT (27) and designed two forms of the peptide vaccine: DTT-SP4 and DTSP. We first confirmed humoral and cellular responses induced by the two Alum and CpG formulated vaccines. Subsequently, we tested Anti-Tumor effects of the two vaccines in vivo both therapeutically and prophylactically in a mouse CT26 tumor model, wherein the mice contained a KRAS G12D mutation. Both vaccines, and particularly DTSP, showed dramatic Anti-Tumor effects. Further analysis suggested that the Anti-Tumor efficacy of DTT-SP4 or DTSP was associated with an enhanced antigen-specific Th1 response and alteration of immunosuppressive Treg cells and effector CD8+ T cells in spleens and tumor tissues.



MATERIALS AND METHODS


Cell Lines and Animals

Colon carcinoma cell line (CT26) was obtained from the Chinese Academy of Sciences Cell Bank located in Shanghai, China. Cells were maintained in RPMI-1640 medium (GIBCO) supplemented with 10% (v/v) fetal bovine serum (FBS; GIBCO) and 1% streptomycin–penicillin (P/S) at 37°C with 5% CO2. DH5α cells used for cloning and Rosetta (DE3) cells used for protein production were from our laboratory.

Five-week-old female BALB/c mice were purchased from SLCAS Laboratory Animal Center (Shanghai). The mice were used for experiments after 1 week of adaptive feeding in the animal center of Shanghai Jiao Tong University. All protocols were approved by the animal care committee of Shanghai Jiao Tong University.



Mutation Verification and Gene Cloning

Total RNA was extracted from CT26 cells using Trizol reagent (QIAGEN, Beijing, China). cDNA was obtained using a Prime Script RT reagent Kit (Takara Biotechnology, China), and subsequently, KRAS full-length (NM_021284.6) gene was amplified from the generated cDNA. After this, the DNA fragment was inserted into a pEGX-6p-1 vector for sequencing to confirm that the CT26 cell line used in this study contained the G12D mutation.

Four repeats of SP (SP4) were linked with each other via a glycine linker (GG). DNA sequences encoding for SP4, synthesized by Hua Gene Biotechnology (Shanghai, China) were inserted into the plasmid pUC19. KRAS G domain DNA fragments (named FDmut) (amino acids 2–164) were amplified from the KRAS full-length gene containing the G12D mutation. The gene encoding for DTT (amino acids 202–378 of the diphtheria toxin) was from our laboratory, and the position 88–94 was used for SP displacement.

To construct expression plasmids of DTT-SP4, DTT-FDmut, and DTSP, fusion gene products were obtained through the overlapping PCR technique. All fragments were digested by NdeI and XhoI restriction enzymes and cloned into the His-tagged vector pET28a (GE Healthcare). FDmut and SP4 were linked to the C-terminal of DTT via GGGGS and GG linkers, respectively.

DTT-FDwt within KRAS wild-type G-domain and DTSPwt within KRAS wild-type peptide (amino acids 5–21) were constructed by site-directed mutagenesis.



Preparation of Fusion Protein

DTT-SP4, DTT-FDmut, DTT-FDwt, DTSP, DTSPwt, and FDmut expression vectors were transformed into Escherichia coli Rosetta (DE3) separately. After the bacterial culture reached an optical density (OD) of 0.6–0.8 at 600 nm in LB at 37°C, the protein expression was induced at 16°C for ~24 h using 0.2 mM isopropyl-β-D-1-thiogalactoside. Bacteria pellets were harvested by centrifugation, resuspended in phosphate-buffered saline (PBS), and lysed by sonicating on ice. Cell debris was removed by centrifugation (12,000 × g for 1 h) at 4°C. The His-tagged recombinant protein was purified from the obtained supernatant using a 5-ml Ni-HiTrap affinity column (GE Healthcare) and eluted with PBS in the presence of 150–300 mM imidazole. The crude protein was further purified by gel filtration using a Superdex 75 column (GE Healthcare) with PBS. Freshly purified proteins were analyzed via 12% SDS-PAGE, then concentrated to ~2–5 mg/ml, and stored at −80°C for further use. The endotoxin levels in the purified proteins were reduced using Detoxi-Gel Endotoxin Removing Columns (Thermo Scientific, USA) before immunization. Endotoxin levels were quantified using a ToxinSensor Chromogenic Limulus Amebocyte Lysate (LAL) Endotoxin Assay Kit (Genscript, China). Endotoxin contamination levels of all proteins (1 μg/ml) used in this study were under the acceptance level (<0.1 EU/ml).



Vaccination and Sample Collection

Vaccines were formulated with 50 μg purified proteins, 300 μg Alum (InvivoGen), and 30 μg HPLC-purified TLR9 agonist CpG oligodeoxynucleotide 1826 (CpG ODN1826: 5′-TCCATGACGTTCCTGACGTT-3′; Hua gene) in 200 μl PBS per mouse.

Female BALB/c mice were immunized with the prepared mixtures subcutaneously (s.c.) three times with an interval of 7 or 10 days between each dose. Seven days after the third immunization, sera were obtained from blood samples collected by retro-orbital bleeding technique.



ELISA for SP-Specific Antibody Assessment

ELISA was performed as described previously (28). Briefly, 96-well plates (Costar) were coated with 1.2 μg of synthetic SP (>90% purity; Sangon Biotech, Shanghai, China) per well and incubated overnight at 4°C. Individual sera were serially diluted from 1:100 to 1:4,096 in a blocking buffer (0.05% Tween, 3% milk in PBS) and incubated for 1 h at 37°C. Subsequently, 100 μl of horseradish peroxidase (HRP) conjugated rabbit anti-mouse antibody subtypes including IgA, IgG, IgG1, IgG2a, IgG2b, or IgG3 (Santa Cruz) at dilutions of 1:2,500 were added, followed by incubation for 1 h at 37°C. The color reaction was developed with TMB (Qiagen) for 30 min and then stopped with 2 M H2SO4. The absorbance was detected at 450 nm. Sera from PBS- and FDmut-treated mice were used as control. Antibody titers were defined as logarithm10 of the reciprocal of the highest dilution giving twice the OD of negative control sera (29, 30).



Splenocyte Proliferation

Seven days or 45 days after the final boost immunization, the spleens of the mice were collected, dissociated into single-cell suspension mechanically, passed through a 70-μm cell strainer (BD Pharmingen), and lysed by red blood cell lysing buffer (139.6 mM NH4Cl, 16.96 mM Tris, pH 7.2–7.4). The cells were then re-suspended in RPMI-1640 medium containing 10% FBS, 20 IU/ml IL-2, and 1% P/S, and the concentration was adjusted to 3 × 106 cells/ml; after this,100-μl aliquots were added to a well of 96-well flat plates. Splenocytes were then incubated for 72 h in a cell incubator with (stimulated) or without (unstimulated) stimulation with SP (12 μg/ml). Subsequently, cells were incubated with 10 μl/well in a Cell Counting Kit-8 (CCK-8; Beyotime, China) solution for 2 h at 37°C. Stimulation index (SI) of the splenocytes was determined in triplicate samples by the ratio of the OD of stimulated cells to that of unstimulated at 450 nm (31).

Cell cultures mixed with CCK-8 were used for measuring the OD at 450 nm. Splenocytes isolated from PBS-vaccinated mice served as the negative control in both cell proliferation and cell killing assays.



Anti-Tumor Activity in vivo

For determining the preventive Anti-Tumor effects of the vaccine, the prepared vaccines (antigen + Alum + CpG) were immunized at 10-day intervals three times and tumor model experiments were set 1 week after the third immunization via a subcutaneous injection with a high-dose CT26 cells (3 × 105/per mouse) into the right front flank of female BALB/c mice (n = 5–8 per group). In the preventive setting of low-dose CT26 cells, female BALB/c mice (n = 5–8 per group) were inoculated with 1 × 105 CT26 cells in the same manner with the same treatment. DTT- or FDmut-treated mice served as controls.

To assess the therapeutic effects, mice aged 6–7 weeks were challenged s.c. with 2 × 105 CT26 cells. Two days after the administration of tumor cells, the mice were randomly assigned (n = 5–8) into four groups. Two groups were administered with indicated antigens combined with CpG and Alum at 1-week intervals for a total of three times. The remaining two groups were administered with PBS and FDmut, and were used as controls.

Tumor development was monitored every 2 or 3 days, and two-dimensional measurements were noted using a Vernier caliper. Tumor size was determined according to the following equation: tumor size = 0.5 × length × (width)2. Tumor volumes reaching 2,000 mm3 were recorded as death and the mice were sacrificed. Tumor growth and survival curves were drawn and analyzed.



Fluorescence-Activated Cell Sorting (FACS) Analysis

To elucidate the immune cell profile in tumor-bearing mice, single-cell suspensions of splenocytes and TILs were prepared when the tumor size reached ~1,500 mm3. Splenocytes were isolated as described in section Splenocyte Proliferation. For TIL isolation, tumor tissues were pressed though a 70-μm nylon mesh, and a lymphocyte separation medium specific for TILs (Solarbio, China) was used for purification according to the instructions mentioned in the kit.

For cell surface marker staining, antibodies including anti-mouse CD3e-PerCP-Cy™5.5 Hamster (clone 145-2C11), anti-mouse CD4-fluorescein isothiocyanate (FITC) (clone RM4-5), or anti-mouse CD8a-phycoerythrin (PE) (clone 53–6.70) (BD Pharmingen) were added to cell suspensions directly after washing. IFN-γ was detected following the recommended intracellular cytokine staining (ICS) protocol of the Cytofix/Cytoperm solution kit (BD Pharmingen). The Transcription Factor Buffer Set kit (BD Pharmingen) was used for intranuclear protein staining for detecting Foxp3 expression. Allophycocyanin (APC)-conjugated anti-mouse IFN-γ (clone XMG1.2; BD Pharmingen) and PE-conjugated anti-mouse Foxp3 (clone R16-715; BD Pharmingen) were used for IFN-γ and Foxp3 staining, respectively. After staining, the cells were re-suspended in PBS with 2% FBS and analyzed using the CytoFLEX Flow Cytometer (Beckman Coulter). FlowjoV10 software was used for analyzing the collected data.



Intracellular Cytokine IFN-γ Detection

Bone marrow cells of naïve BALB/c mice were obtained according to the protocol reported by Mayordomo et al. (32) and cultured in a cell culture medium with 20 ng/ml granulocyte-macrophage colony-stimulating factor (GM-CSF) and 20 ng/ml interleukin-4 (IL-4) (Sino Biological, China) for 6 days to generate bone marrow–derived dendritic cells (BMDCs). BMDCs and splenocytes of immunized mice were co-cultured for 48 h at a ratio of 1:10 in a cell culture medium containing SP peptide. Subsequently, 2 μg/ml brefeldin A (BFA) (Multi Science, China) was added to block the IFN-γ transport processes, followed by co-incubation for 6 h. Finally, the cells were collected and stained with fluorescein-labeled antibodies as an ICS procedure. Mice immunized with PBS were used as negative controls.



Quantitative Real-Time PCR (qRT-PCR) Assay

To identify immune cytokines in tumor tissues, the cDNA of the tumor tissue was generated via a protocol similar to that followed for CT26 cells and then qRT-PCR was performed using an SYBR Green kit (QiaGen, China) to measure the gene expression. The ΔΔCt method was used for data analysis.



Immunohistochemical (IHC) Analysis

CD8+ T-cell subsets in tumor tissues were analyzed by IHC analysis. Concisely, paraffin-embedded blocks of tumor tissues were cut into 3-μm slices and stained with rat anti-mouse CD8α (53–6.7) (Santa Cruz Biotechnology). To assess the primary antibody, an HRP-labeled biotin–streptavidin detection kit (Santa Cruz Biotechnology) was used following the manufacturer's instructions. Fluorescence graphs were captured using a confocal microscope.



Statistical Analysis

All data were analyzed using GraphPad 7.0 software (San Diego, USA). Results are presented as means ± SD. The statistical significance between two value sets was assessed with two-tailed Student's t-test. Anti-Tumor efficacy in vivo was compared by Kaplan–Meier analysis and log-rank test. P < 0.05 were considered significant.




RESULTS


Design and Expression of SP-Based Antigens

Mutant KRAS is a poorly immunogenic target that elicits limited immunogenicity (17). The immunogenicity of self-proteins has been reported enhanced by fusion with DTT (27, 33, 34). We incorporated DTT with mutant KRAS to improve antigen-specific immune responses.

Whether non-mutant epitopes of KRAS G-domain contribute to Anti-Tumor activity when DTT is used as a carrier protein was uncertain. Therefore, we first constructed DTT-FDwt and DTT-FDmut by fusing the wild type and the mutant type (containing G12D) of KRAS G-domain, respectively, to the C-terminal of DTT via a GS linker (Figure 1A), and assessed their Anti-Tumor efficacies following the vaccination procedure displayed in Figure 1B. Mice administered with DTT-FDmut showed better Anti-Tumor efficacy than those administered with DTT-FDwt in the KRAS G12D mutation containing CT26 tumor model (Figures 1C,D). Furthermore, no significant differences in tumor growth were observed between the DTT-FDwt-treated group and PBS-treated control group (Figure 1E). The result suggests that in the presence of DTT, the KRAS mutant epitope shows a higher Anti-Tumor efficacy than any other non-mutated epitope.
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FIGURE 1. Rationally designed mutant peptide-based vaccines. (A–E) Contributions of mutated and non-mutated epitopes to Anti-Tumor efficacy were determined when DTT was used as a carrier protein. (A) DTT is the diphtheria toxin T-domain, corresponding to amino acids 202–378 of DT. FDmut represents KRAS G domain (residues 2–164) carrying the G12D mutation. DTT-FDmut and DTT-FDwt were constructed by fusing KRAS G domain (residues 2–164) to the C-terminal of DTT through a GS linker. DTT-FDmut and DTT-FDwt represent presence and absence of KRAS G12D mutation, respectively, in the fusion construct. (B) Flow chart of immunization and tumor inoculation. (C–E) DTT-FDmut, DTT-FDwt, and PBS were separately formulated in Alum and CpG. Female BALB/c mice (n = 5–8) received the formulated vaccines three times at 2-week intervals. Mice were injected with 2 × 105 cells/mouse 10 days after the last immunization. (C) Tumor growth curves of DTT-FDmut and DTT-FDwt were plotted by averaging tumor size over time in each group. Data are presented as means ± SD. ****p < 0.0001, Student's t-test (D) Kaplan–Meier survival curve. **p < 0.01, ns, not significant, log-rank (Mantel–Cox) test for significance. (E) Tumor growth curves for DTT-FDwt and PBS. Data are plotted as means ± SD. ns, not significant. (F,G) Design and purification of mutant peptide-based vaccines. (F) Schematic representation of DTT-SP4 and DTSP. SP represents residues 5–21 of KRAS containing the G12D mutation. DTSPwt represents wild-type DTSP lacking the KRAS G12D mutation. The texture box stands for the linker sequence (GG). The white box denotes the position of DTT from 88 to 95 replaced with SP. (G) Expression levels of DTT-SP4 (lane 1) and DTSP (lane 2).


Therefore, we further selected the 17-mer KRAS peptide containing G12D mutation (SP) and designed two vaccine forms. The amino acid residues at 88–95 of DTT corresponding to 290–297 of DT has previously been identified as an ideal site for displacement to enhance immune responses of self proteins (27). Therefore, we constructed one antigen by replacing amino acids of 88 to 95 in DTT with SP (named as DTSP) (Figure 1F). For an other antigen, four copies of SP were linked using the GG linker and fused to DTT in tandem (named as DTT-SP4) (Figure 1F). The recombined antigens were expressed in E. coli system. Purified DTT-SP4 appeared to be at ~27 kDa and DTSP approximated to 20 kDa on 12% SDS-PAGE (Figure 1G).



Both DTT-SP4 and DTSP Vaccination Induce SP-Specific Antibody Response and Cellular Response

Specific antibody response is correlated with immunogenicity (35). To evaluate whether the recombinant antigens could successfully increase SP immunogenicity, anti-SP IgG antibodies were measured by ELISA on day 35 after the third injection. As shown in Figure 2A, mice immunized with DTT-SP4 or DTSP induced higher anti-SP antibody levels than those vaccinated with FDmut or PBS. Antibodies from the PBS- or FDmut-treated groups were barely detectable. The average anti-IgG antibody titer in DTSP was slightly higher than that in DTT-SP4, but no significant differences were observed (Figure 2B). Conspicuous IgG antibody responses indicated that DTT-SP4 or DTSP containing foreign Th epitopes enhanced the immunogenicity of SP. Subtype analysis showed that anti-SP IgG1 antibody levels significantly increased (p < 0.01) in DTT-SP4 or DTSP immunized mice. Levels of IgG2a and IgG2b subtypes increased to a lesser extent. Both groups showed a uniformly low IgM and IgG3 response (Figure 2C). Subtype reactions suggested that the increased IgG antibody level principally resulted from the increased levels of IgG1, IgG2a, and IgG2b. As a rule, IgG1 levels are associated with T-helper (Th) 2 profile, whereas IgG2a, IgG2b, and IgG3 levels are predominantly associated with Th1 profile (30, 36). The ratios of IgG1 to IgG2a + IgG2b + IgG3 were almost ~1 in DTT-SP4- or DTSP-treated groups, revealing a mixed Th1/Th2 response.


[image: Figure 2]
FIGURE 2. Immunogenicity of recombinant SP antigens. (A–F) In all, 6- to 8-week-old female BALB/C mice (n = 5) were vaccinated with DTT-SP4 or DTSP formulated in Alum and CpG three times at 10-day intervals. (A–C) Sera were collected 5 days after the final injection to assess antibody response. (A) Total IgG antibody reaction against SP was tested by ELISA. Sera were diluted 1:100. (B) Total IgG antibody titers were expressed as logarithm10 reciprocals of the highest dilution giving twice the absorbance of the PBS sera. Sera were serially diluted from 1:100 to 1:4,096. (C) The level of serum IgG subclass of antibodies in response to SP at a 1:100 dilution. (D–F) Splenocytes were harvested 7 days or 45 days after the third immunization and stimulated with SP for 72 h in vitro. (D,E) Splenocytes were isolated 7 days after the final vaccination. (D) The absorbance of stimulated cells at 450 nm in the presence of 10 μL CCK-8 solution. (E) SIs were calculated using the ratio of the OD of stimulated cells to that of unstimulated cells at 450 nm. (F) Forty-five days after the last vaccination, SI of indicated splenocytes was determined. These data are presented as means ± SD. ****p < 0.00001, ***p < 0.001, **p < 0.01, *p < 0.05, ns, not significant, Student's t-test.


To assess the cellular response activated by DTSP or DTT-SP4, 7 days after the final immunization, splenocytes were collected and stimulated with SP for 72 h, and cell proliferation was detected using a CCK-8 solution. In comparison with splenocytes from mice treated with PBS, we observed vigorous splenocyte proliferation in DTSP and DTT-SP4 groups (Figure 2D). The average SI was highest in DTSP-treated group, with nearly two times the SI observed in the PBS-treated group, and was slightly lower than that in the DTT-SP4-treated group (Figure 2E). The same trend in average SI values was also observed 45 days after the last vaccination (Figure 2F). The proliferation and SI data suggest that vaccination with either DTSP or DTT-SP4 can elicit SP-specific memory lymphocyte responses.



DTT-SP4 or DTSP Vaccination Offers a Protective Effect Against Tumor Development in the CT26 Tumor Model

Based on the humoral and cellular immune activities of DTT-SP4 and DTSP identified in vitro, we next assessed whether the two vaccines are capable of preventing tumor development in vivo. On day 35 after receiving three doses of the indicated vaccines at 10-day intervals, the mice were, respectively, injected with high-dose and low-dose tumor cells to establish two different preventive models (Figure 3A).
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FIGURE 3. Protective effect of DTT-SP4 or DTSP against tumor development after receiving two different CT26 cell doses in the tumor model. (A) Flow chart of immunization and tumor inoculation. (B–G) Mice were immunized with Alum and CpG formulated DTSP, DTT-SP4, FDmut, or DTT, three times at 10-day intervals. Mice received two different doses of CT26 cells s.c. into the right flank 1 week after the third administration of the vaccine. (B–D) Female BALB/c mice (n = 5–8) were inoculated with 3 × 105 CT26 cells/mouse. (B) Tumor volumes were determined in individual mice and calculated for each group. Data are means ± SD. Student's t-test. Mice were sacrificed on day 23 after tumor challenge. Tumors weights were measured (C) and the tumor inhibition rates were evaluated (D). (E–G) Immunized mice were challenged with CT26 cells (1 × 105 cells/mouse). (E) Tumor growths were monitored every 2–3 days after the tumors were palpable and were presented as tumor volume (mm3). Data are means ± SD. ns, not significant, ****p < 0.0001, ns, not significant, Student's t-test. (F) The proportion of tumor-free mice was plotted at different time points after tumor injection. (G) Percent survival was plotted by Kaplan–Meier method, and log-rank (Mantel–Cox) test was used to calculated the p-value. **p < 0.01, ****p < 0.0001, ns, not significant.


With a high tumor cell dose (3 × 105 cells/mouse), all mice rapidly developed a tumor on day 3. On day 11, the average tumor size was significantly smaller in DTSP-treated group than in the DTT control group (p = 0.0028); and the average tumor size in DTT-SP4-treated group was smaller than that in the DTT control group as well, but the difference was less significant (p = 0.0407; Figure 3B). At the endpoint, all mice were sacrificed on day 23 after tumor inoculation, and the tumor tissues were harvested and weighed. The mean tumor weights in the DTT-SP4-treated group (1.42 ± 0.33 g) and DTSP-treated group (1.22 ± 0.55 g) were lower than that in the DTT control group (2.01 ± 0.56 g) (Figure 3C). The average tumor inhibition rate was found to be 32.60% in the DTSP-treated group but only 21.40% in the DTT-SP4-treated group (Figure 3D). Taken together, both DTT-SP4 and DTSP have Anti-Tumor effects in a high-tumor dose model, but the efficacy is limited.

DTT-SP4 and DTSP both showed striking Anti-Tumor efficacies with a lower tumor dose (1 × 105 cells/mouse). We observed slowed tumor growths in DTT-SP4-treated and DTSP-treated groups than in DTT control group; particularly, the average tumor size after DTSP treatment was below 50 mm3 even on day 23. No significant growth difference was observed between the DTT control group and FDmut group (Figure 3E and Supplementary Figure S1A). Moreover, on day 13, all DTT-SP4-treated or DTSP-treated mice were tumor free, whereas only 16% of DTT-treated mice and 28.5% of FDmut-treated mice were tumor free. Further, all DTT- or FDmut-treated mice developed tumors on day 15. In contrast, 37.5 and 87.5% of mice treated with DTT-SP4 and DTSP, respectively, remained tumor free after 90 days of tumor inoculation (Figure 3F). Furthermore, the median survival time of mice treated with DTT-SP4 increased by 15 days compared with that of mice treated with DTT. More remarkably, the survival percentage was 100% on Day 90 and overall survival duration was significantly prolonged in DTSP-treated mice compared with those in control mice. Notably, one tumor-bearing mouse in DTSP-treated group survived for more than 90 days. Consistent with the growth curve findings, there was no significant difference in the median survival duration between DTT-treated mice and FDmut-treated mice (Figure 3G).

These data indicate that DTT-SP4 and DTSP can protect mice from tumor growth, and that especially at low-tumor dose, the tumor inhibition rate after DTSP treatment is 100%.



DTT-SP4 or DTSP Vaccination Exerts a Therapeutic Effect in a CT26 Therapeutic Tumor Model

As we observed a significant Anti-Tumor effect in the low-dose preventive CT26 tumor model, we next investigated whether DTT-SP4 or DTSP vaccination also displays Anti-Tumor effects against established CT26 tumors. Accordingly, 6- to 8-week-old female BALB/c mice received 2 × 105 CT26 cells/mouse, and 2 days later, the mice were administered with the indicated vaccines three times every 7 days (Figure 4A). Four days after the second booster, the average tumor volume in DTT-SP4-treated group was found to be significantly smaller than that in the PBS control group (Figure 4B, left), whereas the average tumor volume after DTSP treatment rapidly showed a difference before the second booster (Figure 4B, middle). There was no difference in tumor growth between FDmut and PBS groups, which is similar to the prophylactic vaccination survival curve findings between the two groups (Figures 4B,C and Supplementary Figure S1B). Both DTT-SP4 and DTSP treatments could prolong the median survival duration compared with the two control groups. Strikingly, we observed that 50% of the mice in the DTSP-treated group remained tumor free until 60 days after tumor inoculation at the end of the experiment (Figure 4C). The other 50% of the mice in the DTSP -treated group lived 4 days (day 31) longer than in the two control groups (day 27). These findings indicate that DTSP, although containing only one copy of SP, can still provides a significant therapeutic effect on CT26 tumors, consistent with the preventive effect results on CT26 tumors.
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FIGURE 4. Therapeutic efficacy of DTSP and DTT-SP4 vaccination in CT26 tumor model. (A) The time course of tumor injections and DTSP or DTT-SP4 treatments. (B,C) Female BALB/c aged 6–8 weeks were challenged with CT26 cells (1 × 105 cells/mouse) s.c. into the right flank. Two days after CT26 injection, the mice were pooled and assigned randomly (n = 5–8). DTSP, DTT-SP4, FDmut, or PBS formulated in Alum and CpG were administrated to the mice in the respective groups three times at 1-week interval. Tumors were monitored every 2–3 days and measured using a Vernier caliper. (B) Tumor growth curves were plotted by measuring tumor volume over time in each group. Data are presented as means ± SD. **p < 0.01, ***p < 0.001, Student's t-test. (C) Kaplan–Meier survival curve. *p < 0.05, **p < 0.01, ***p < 0.001, ns, not significant, log-rank (Mantel–Cox) test for significance.




DTT-SP4 or DTSP Vaccination Induces an Antigen-Specific Th1 Response

IFN-γ, as a typical Th1 cytokine, plays a vital role in the Anti-Tumor activities (37); therefore, we assessed the expression of SP-specific IFN-γ in CD4+ T and CD8+ T cells isolated from DTT-SP4- or DTSP-immunized mice after re-stimulation with SP in vitro. The proportion of CD4+ IFN-γ+ T cells in DTT-SP4- and DTSP-treated groups increased to 4.91% and 1.41%, respectively, which were significantly higher than the increase observed in the PBS control group (0.54%) (Figure 5A). Meanwhile, in comparison with the PBS control group, the DTSP-treated group showed and increased ratio of CD8+/CD3+ T cells; however, no obvious increase was observed in DTT-SP4 group (Figure 5B). In addition, 1.52% of CD8+ T cells in the DTSP-treated group and 3.85% in the DTT-SP4-treated group expressed IFN-γ, only 0.84% of CD8+ T cells were found to express IFN-γ in the PBS control group (Figure 5C).
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FIGURE 5. Expression of intracellular antigen-specific IFN-γ in CD4+ or CD8+ T cells. (A–E) Mice were vaccinated with PBS, DTT-SP4, or DTSP in combination with Alum and CpG three times at 10-day intervals. Splenocytes (n = 3) were harvested 7 days after the final immunization. Splenocytes isolated from immunized mice were co-incubated with BMDCs pulsed with indicated antigens for 48 h, and blocked by BFA for another 6 h. Cells were collected and stained with anti-CD4-FITC, anti-CD8-PE, and anti-CD3-PercP5.5 antibodies. After fixation and permeabilization, cells were stained with anti-IFN-γ-APC antibody and read by flow cytometry. (A–C) Splenocytes isolated from PBS-, DTT-SP4-, or DTSP-treated mice were pulsed with 12 μg/ml SP. CD8-positive cells (B) were gated around CD3+ T cells. Data are presented as means ± SD. *p < 0.05, Student's t-test. Representative IFN-γ-positive cells in CD4+ T cells (A) and in CD8+ T cells (C) are shown. (D,E) Splenocytes of DTSP-treated mice were stimulated with 50 μg/ml DTT, DTSP, or DTSPwt ex vivo. (D) The proportions of CD4+ T cells and CD8+ T cells in CD3+ T cells after stimulation are shown. (E) Percentages of IFN-γ-producing CD4+ (right panel) or IFN-γ-producing CD8+ (left panel) T cells after treatment. These data are presented as means ± SD. *p < 0.05, **p < 0.01, ns, not significant, Student's t-test.


To further illustrate that the DTSP vaccination can elicit a G12D mutation-specific Th1 response, splenocytes isolated from DTSP-vaccinated mice were re-stimulated with DTT, DTSP, or DTSPwt. In the DTSP re-stimulated group, the ratio of CD8+/CD3+ T cells increased (Figure 5D); moreover, the proportion of IFN-γ-producing CD8+ T cells increased to 1.97 ± 0.05% (Figure 5E, left), while the groups stimulated with DTSPwt or DTT showed no significant difference. The proportion of IFN-γ+-producing CD4+ T cells in the group re-stimulated with DTSP was slightly higher than that in the other two groups (Figure 5E, right), but neither the proportion of CD4+ CD3+ T cells nor the proportion of IFN-γ+-producing CD4+ T cells showed any significant differences among the three groups (Figures 5D,E). These data demonstrate that DTT-SP4 or DTSP vaccination elicits SP-specific IFN-γ expression in both CD4+ and CD8+ T cells, and that DTSP treatment can induce G12D mutation-specific IFN-γ expression in CD8+ T cells.



DTT-SP4 or DTSP Vaccination Increases the Population of CD8+ T Cells and Reduces the Proportion of Foxp3+/CD4+ T Cells in Spleen Tissues as Well as Tumor Tissues of Tumor-Bearing Mice

To further clarify Anti-Tumor mechanisms underlying DTT-SP4 and DTSP vaccination, we analyzed the subpopulations of T cells in splenocytes and TILs. In the spleen, the proportion of CD8+/CD3+ T cells dramatically increased to 31.40 ± 1.74% in the DTSP-treated group and slightly increased to 26.30 ± 0.99% in the DTT-SP4-treated group; both were higher than that in the PBS control group (21.05 ± 0.92%) (Figure 6A). Conversely, we could only observe a slight decrease in the proportion of CD4+/CD3+ T cells in the DTSP group, and no significant difference between DTSP and PBS control groups was observed (Figure 6B). Treatment with DTSP and DTT-SP4 boosted the ratios of CD8+ to CD4+ T cells in both the DTSP-treated and DTT-SP4-treated groups, respectively (Figure 6C). Further analysis revealed that proportions of Foxp3+/CD4+ T cells in the DTT-SP4-treated and DTSP-treated groups decreased to 21.40 ± 0.95% and 26.27 ± 0.63%, respectively, which are much lower than the ratio in the PBS control group (40.90 ± 6.51%) (Figure 6D).


[image: Figure 6]
FIGURE 6. Distribution of CD4+ T cells, CD8+ T cells, and CD4+Foxp3+ cells in spleens or TILs of tumor-bearing mice. Mice (n = 3) were sacrificed when tumor sizes reached nearly 1,000–1,500 mm3. (A–F) Splenocytes isolated from the control, DTT-SP4-treated, or DTSP-treated group were divided into two tubes at 1 × 106 cells/tube and then stained. One tube was stained with anti-CD4-FITC, anti-CD8-PE, and anti-CD3-PercP5.5 antibodies. The other tube was stained with anti-CD4-FITC and anti-CD3-APC antibodies and further stained with anti-Foxp3-PE antibody after fixation and permeabilization. (A) The proportion of CD8+/CD3+ T cells. (B) The proportion of CD4+/CD3+ T cells. (C) Ratios of CD8+ T cells to CD4+ T cells. (D) The proportion of Foxp3+/CD4+ T cells. (E,F) Freshly isolated TILs were divided into two tubes with 1 × 106 cells/tube and then stained following the procedure followed for splenocyte staining. (E) The proportion of CD8+CD3+ T cells. (F) The percentage of Foxp3+ CD4+ T cells. Data are presented as means ± SD. *p < 0.05, **p < 0.01, ns, not significant, Student's t-test.


Similarly, in TILs, the proportion of CD8+/CD3+ T cells was 6.45 ± 1.51% in the DTSP group, which was almost double compared with the control group value (3.05 ± 1.31%) (Figure 6E). In contrast, DTT-SP4 treatment did not remarkably increase the proportion of CD8+/CD3+ T cells (Figure 6E). IHC staining of tumor tissues with CD8+ antibody also showed a similar trend for CD8+ T cells among the three groups (Supplementary Figure S2). In addition, the ratios of Foxp3+/CD4+ T cells in the DTT-SP4 and DTSP groups decreased (Figure 6F).

These data demonstrate that DTT-SP4 or DTSP vaccination can alter the immune cell subsets both in the spleen and the tumor tissue. It is noteworthy that compared with the DTT-SP4-treated group, the DTSP-treated group showed more significant increments in effector cells and reductions in immunosuppressive cells in the tumor tissue and spleen. This was consistent with the fact that the DTSP group showed better Anti-Tumor effects.



DTSP Vaccination Alters the Immune Cytokine Expression Levels in the Tumor Microenvironment

To further elucidate whether the Anti-Tumor efficacy of DTSP-treated group is associated with alterations in the tumor immune microenvironment, mRNA expression levels of IFN-γ, IL-2, IL-4, and tumor necrosis factor-α (TNF-α) were analyzed. As shown in Figure 7, the level of Th1-related cytokine IFN-γ increased nearly two-fold in the DTSP group compared with that in the PBS control group (Figure 7A). IL-2 level in the DTSP-treated group was also higher than that in the PBS control group but with no significant difference (Figure 7B). In contrast, Th2-related cytokine IL-4 and inflammatory factor TNF-α levels were significantly decreased in the DTSP group compared with those in the PBS control group (Figures 7C,D). TNF-α may be massively expressed by cancer cells in the tumor microenvironment and to a lesser extent by Th1 cells (38): a higher proportion of tumor cells in the PBS control group showed increased mRNA levels of TNF-α in the tumor microenvironment. The higher expression levels of IFN-γ and IL-2 and the lower expression levels of IL-4 in the tumor tissue of DTSP-treated mice suggest that a Th1 immune response but not a Th2 immune response was activated by DTSP treatment. These data combined with the results of IFN-γ expression in vitro and the T-cell alterations both in the spleens and TILs described previously suggest that DTSP exerts Anti-Tumor effects mainly by the activation of a Th1 immune response.


[image: Figure 7]
FIGURE 7. Relative mRNA expression levels of cytokines in tumor tissues. Mice were sacrificed when tumor sizes reached nearly 1,000–1,500 mm3; tumor tissues were collected and used for later mRNA expression determination. mRNA expression levels of (A) IFN-γ, (B) IL-2, (C) IL-4, and (D) tumor TNF-α were detected via real-time PCR. Relative mRNA expression in the DTSP-treated group was normalized to that in the PBS control group. Data are presented as means ± SD. *p < 0.05; **p < 0.01; ns, not significant, Student's t-test.





DISCUSSION

The development of a drug that directly targets KRAS G12D mutation or other KRAS mutations remains challenging (8). The smooth surface of the KRAS molecule and the high affinity of KRAS and GTP lead to the difficulty in binding of small-molecule drugs (9, 39). T cells can recognize intracellular mutated peptides displayed on the cell surface by MHC I molecules and are capable of killing tumor cells, and thus inhibit tumor growth (40). An in vivo Anti-Tumor effect can theoretically be achieved by directly targeting KRAS mutations through immunotherapies, as long as KRAS mutations are displayed on tumor cells (25). Thus, immunotherapy makes it possible to directly target KRAS mutations without relying on the binding of intracellular KRAS molecule.

Numerous studies have focused on mutant KRAS peptides and proved the safety of peptide vaccines. However, the immune responses among these studies vary, with several studies displaying weak immune responses and even no immune response to KRAS vaccines, although patients display corresponding MHC I expression (17, 25). In the present study, we adopted a feasible approach to enhance the immune response to a mutant KRAS peptide by introducing foreign Th epitopes. DTT has been proven to be a safe carrier protein or scaffold for vaccine developments. DTT contains four universal Th epitopes (aa 69–88, 119–138, 129–148, and 149–168) (41), which could enhance the immunogenicity of self-antigen proteins (27, 33). Therefore, we constructed DTT-SP4 and DTSP by fusing the KRAS G12D peptide with DTT to enhance SP-specific immune responses. Alum, an approved adjuvant for human use, was selected in our vaccine formulation, facilitating a slow and sustained release. Alum is known to stimulate Th2 immune responses, but lacks cell-mediated immune stimulation (42). However, for an ideal KRAS G12D cancer vaccine, activated Th1 immune responses are crucial. Previous studies have shown that with the addition of the TLR9 agonist CpG, Alum formulated vaccines can induce a significant Th1 immune response and preferentially increase the proportion of CD8+ T cells over that of Tregs (33, 43). Consistent with the reported results, our designed fusion antigens of DTT-SP4 or DTSP formulated in Alum and CpG could successfully induce SP-specific antibody and cellular responses (Figure 2). Importantly, preventive and therapeutic Anti-Tumor effects of these were observed in our CT26 tumor model. In addition, the levels of IFN-γ+-producing CD4+ or CD8+ T cells in splenocytes in vitro and IL-2 and IFN-γ in tumor tissues increased in the DTSP group. Furthermore, in the spleen and tumor tissues, the populations of CD8+ T cells and CD4+ Foxp3+ T cells were altered after DTSP vaccination. This finding indicates that Alum and CpG formulated DTSP can both exert an Anti-Tumor effect by inducing an SP-specific immune response and alter the composition of T cells in the spleen as well as in tumors to contribute to the Anti-Tumor activity.

Theoretically, for the peptide vaccine, an increase in the copies of the peptide or T- or B-cell epitopes can increase the antigen-specific immune response (44, 45). To our surprise, DTT-SP4 with four copies of SP did not show significantly better antibody or cellular responses compared with DTSP with just one copy of SP (Figure 2). Furthermore, the in vivo Anti-Tumor response showed that DTSP with a single SP copy was more effective than DTT-SP4. This characteristic is consistent with the immune response observed in vitro. The functional differences between DTT-SP4 and DTSP are particularly intriguing results, and we have no definitive explanation for it. Previous studies have shown that the orientation of epitopes can affect the immune response (45) and peptides with a higher copy number sometimes do not cause stronger immune responses owing to tissue damage (44). Some possible explanations for our observations could be the improper copy number of SP or the improper position of SP in DTT-SP4.

Given the significant immune responses induced by DTSP and DTT-SP4 in vitro, we evaluated their Anti-Tumor efficacies in vivo. Castle et al. have previously reported that highly invasive and metastatic KRAS-mutant CT26 cells express functional MHC I molecules (46). The expression of KRAS G12D on CT26 cells was also verified by PCR and sequencing in this study (data not shown). Intracellularly, G12D mutant KRAS should be able to bind to the corresponding MHC I molecules and display on the CT26 cell surface, making it possible for CT26 tumor cells to be lysed by cytotoxic lymphocytes. Recently, Villarreal et al. also used a CT26 model to test the therapeutic effect of Listeria monocytogenes (Lm)–based KRAS G12D vaccine (47), which further supports that the CT26 model is appropriate for our study. Compared with DTT-FDwt treatment, DTT-FDmut treatment showed a better tumor inhibition effect in our CT26 preventive model (Figures 1C,D), which not only indicates that mutant KRAS G12D epitope is more important than any other non-mutant epitopes but also suggests that the CT26 model is efficient in detecting the Anti-Tumor activity of DTSP or DTT-SP4 containing the KRAS G12D mutant epitope. Recently, several studies have described the tumor-suppressive effects of their KRAS peptide vaccines in different preventive or therapeutic mouse models (47–49). However, to the best of our knowledge, we are the first to confirm that both DTSP and DTT-SP4 show certain Anti-Tumor effects not only in a preventive model but also in a therapeutic model. More strikingly, half of DTSP-treated mice were tumor free in the therapeutic model and 87.5% of DTSP-treated mice were tumor free in the low-dose preventive model (Figures 3F, 4B). In both models, DTSP treatment significantly inhibited tumor growths and prolonged survival duration, with the protecting effects lasting for over 60 days, and the mice are still alive when experiment ended (Figures 3E,G, 4B). Notably, the tumor-suppressive effect was also observed in the high-dose prophylactic model; however, tumors rapidly developed into large tumors within a short period of time in this model (Figures 3B–D). A possible explanation is that the high dose tumor cells developed to tumors too rapidly, before the vaccination display therapeutic efficacy or protection. A combination of immune-checkpoint therapies to alter the tumor microenvironment or an expansion of the variety of mutant antigens may be a good improvement, but needs further verification.

In the splenocytes isolated from mice vaccinated with DTT-SP4 or DTSP, the proportion of IFN-γ in CD4+ and CD8+ T cells increased after re-stimulation with SP in vitro. We also detected that DTSP vaccination induced mutation-specific IFN-γ secretion. Numerous studies have shown that IFN-γ as a typical Th1 cytokine plays an important role in the early Anti-Tumor response (37), indicating that DTSP may inhibit tumors via a cellular immune response. However, Berner et al. reported that an increased expression of IFN-γ possibly causes CD4+ T-cell apoptosis in the secondary stimulation and thus could impair the Anti-Tumor effect (37). Recent studies also show that IFN-γ plays a pro-tumor role by leading CD8+ T cells to apoptosis and promoting an immunosuppressive tumor microenvironment during the stage of tumor immunity escape (50). In this study, we also found that although IFN-γ expression level was slightly higher in the DTT-SP4-treated group than in the DTSP-treated group after re-stimulating in vitro (Figures 3A–D), the Anti-Tumor effect of DTSP was better than that of DTT-SP4 in vivo. Accordingly, the expression of IFN-γ in the DTT-SP4 and DTSP groups in vitro did not fully match the Anti-Tumor effects of DTT-SP4 and DTSP in vivo, which is possibly because of the different levels of immune resistance caused by IFN-γ activation after continuous tumor stimulation. Nevertheless, the obvious expression of IFN-γ in DTSP- or DTT-SP4-treated groups after re-stimulation in vitro indicates that DTSP or DTT-SP4 could induce a successful cellular response. Moreover, the mRNA expression levels of IFN-γ and IL-2 in tumor tissues in the DTSP-treated group were increased, which further supports the hypothesis that the activated Th1 immune response contributes to the Anti-Tumor effect.

According to the statistical results of Cosmic data, G12 mutations account for 83% of all KRAS mutations (26). Among G12 mutations, G12D is a KRAS mutation with the highest frequency, mainly occurring in CRC and PDA (51), and is therefore a meaningful target. Importantly, SP and G-domains of KRAS are 100% homologous between humans and mice; this means that DTSP can directly be translated into a clinical drug. Moreover, in Rosetta cells transformed with a recombinant plasmid containing the DTSP gene, a high amount of expressed soluble DTSP protein can be obtained, reaching 15–20 mg protein per gram of bacterial cells. The expression of DTSP is approximately three times higher than that of DTT-SP4 (data not shown). Further, the ease of DTSP protein preparation makes it a potentially cost-effective clinical drug.

In conclusion, our results show that Alum and CpG formulated DTSP, rather than DTT-SP4, is more likely to be a preventive and therapeutic clinical drug targeting tumors carrying KRAS G12D mutation.
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Despite the recent availability of several new drugs in hemato-oncology, T-cell lymphomas are still incurable and PD-1 blockade could represent a therapeutic chance for selected patients affected by these malignancies, although further studies are required to understand the biological effects of anti-PD-1 mAbs on neoplastic T-cells and to identify biomarkers for predicting and/or monitoring patients’ response to therapy. Sezary Syndrome (SS) represents a rare and aggressive variant of cutaneous T cell lymphoma (CTCL) with a life expectancy of less than 5 years, characterized by the co-presence of neoplastic lymphocytes mainly in the blood, lymph nodes and skin. In this study we analyzed longitudinal blood samples and lesional skin biopsies of a patient concurrently affected by SS and melanoma who underwent 22 nivolumab administrations. In blood, we observed a progressive reduction of SS cell number and a raise in the percentage of normal CD4+ and CD8+ T cells and NK cells over total leukocytes. Eight weeks from the start of nivolumab, these immune cell subsets showed an increase of Ki67 proliferation index that positively correlated with their PD-1 expression. Conversely, SS cells displayed a strong reduction of Ki67 positivity despite their high PD-1 expression. On skin biopsies we observed a marked reduction of SS cells which were no more detectable at the end of therapy. We also found an increase in the percentage of normal CD4+ T cells with a concomitant decrease of that of CD8+ and CD4+ CD8+ T cells, two cell subsets that, however, acquired a cytotoxic phenotype. In summary, our study demonstrated that nivolumab marked reduced SS tumor burden and invigorated immune responses in our patient. Our data also suggest, for the first time, that Ki67 expression in circulating neoplastic and immune cell subsets, as well as an enrichment in T cells with a cytotoxic phenotype in lesional skin could be valuable markers to assess early on treatment SS patients’ response to PD-1 blockade, a therapeutic strategy under clinical investigation in CTCL (ClinicalTrials.gov NCT03385226, NCT04118868).
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INTRODUCTION

Immune checkpoint (IC) inhibition with anti-PD-1 monoclonal antibodies (mAbs) represents a first-line standard treatment for metastatic melanoma, producing objective response rates of 30–40% and significantly increasing progression free survival and overall survival (1). Anti-PD1 mAbs have also been approved for the treatment of other solid tumors (2), classical Hodgkin lymphoma, and have shown some efficacy in a number of other B-cell malignancies (3). Instead, the therapeutic potential of PD-1 blockade in T-cell malignancies is still uncertain, even if clinical benefits have been reported by a number of studies (4–7). The blockade of PD-1/PD-L1 axis in T-cell disorders poses an unique challenge, since PD-1 represents a tumor suppressor in T cells and its inhibition can potentially promote lymphomagenesis (8). Notably, development of a secondary T-cell neoplasia in patients subjected to anti-PD-1 therapy for their primary tumor has been described (9–11). Moreover, the development of a T-cell lymphoma was found to be an adverse effect of IC inhibitors with an incidence of 0.02% (11). These findings highlight the need to gain a better understanding of the biological effects of anti-PD-1 mAbs in T-cell malignancies.

With this aim, we describe here the case of a female patient with synchronous metastatic melanoma and Sezary syndrome (SS), an aggressive leukemic variant of cutaneous T-cell lymphoma (CTCL), (12, 13) who was treated with nivolumab for her melanoma and showed a remarkable clinical and biological response of SS. We report the changes occurring in phenotype and/or frequency of circulating and skin-resident SS cells and immune sub-populations during therapy, which suggest that their monitoring could help to determine SS patient’s clinical response early on treatment.



CASE REPORT

A 72-year-old Caucasian female come to our observation in January 2017 due to the appearance of erythrodermia and severe itching. Physical examination evidenced erythematous lesions of bright red color involving about 70% of the skin. During the same visit, a pigmented lesion of about 1.5 cm in diameter, highly suspected of being a melanoma, was observed on the scalp vertex. This lesion and a portion of erythrodermic cutis on the left arm were excised for histological analyses. The lesion of the scalp was diagnosed as an ulcerated nodular melanoma (17 mm Breslow, mitotic rate >1 mitosis/mmq, pT4b, UICC 2009). BRAF mutational analysis by Cobas® 4800 and subsequent Sanger identified the V600E mutation. Histological examinations of the erythrodermic cutis specimen and the assessment of TCR clonality by PCR-BIOMED2 (14) diagnosed an epidermotropic T-cell lymphoma. Immunophenotyping of peripheral blood mononuclear cells (PBMCs) by flow cytometry identified lymphocytes with the CD3+/CD4+/CD7−/CD26− phenotype and a CD4+/CD8+ ratio of 16. Clonality analysis showed an expansion of 95% of CD4+ lymphocytes with rearrangement of TCR-Vβ 5.1, calculated on all CD4+ lymphocytes. Subsequent total body computed tomography (TC) and positron emission tomography (PET)/TC evidenced bilateral cervical, axillary and inguinal lymphadenopathy with pathological hyperfixation. The patient underwent enlargement of the previous exeresis in the vertex region, and right laterocervical lymphadenectomy which identified one lymph node positive for melanoma. Patient was diagnosed as having non-operable stage IIIc melanoma and stage IVAi SS (15). The patient had no family history of melanoma or other neoplasia.

On July 2017, the patient started a first-line therapy with nivolumab (3 mg/kg, 1-h infusion, every 2 weeks), which was carried out for 22 administrations, i.e., until therapy switching to dabrafenib (150 mg BID) plus trametinib (2 mg/die) for brain metastases not responding to stereotactic radiotherapy. Targeted therapy continued for 6 months, until patient death for melanoma. Melanoma best response to nivolumab and targeted therapy was partial response, according to irRECIST (16) and RECIST 1.1 (17) criteria, respectively. Patients also achieved partial response of SS, according to consensus global response criteria (18). In particular, physical examination after 6 nivolumab administrations evidenced a substantial reduction of erythroderma and itching which persisted up to patient death for melanoma.

Immune-related adverse effects (AEs) were represented by a grade-1 thyroiditis, and vitiligo-like lesions on face, body, upper and lower limbs, which became evident after 5 nivolumab administrations and further increased during therapy.



MATERIALS AND METHODS


Blood Sampling

Peripheral blood (PB) was collected before the 1st nivolumab administration and 15 days after selected administrations, namely the 1st, 2nd, 4nd, 6th, 9th, 12th, 17th, and 21st, which corresponded to baseline (T0) and to 2, 4, 8, 12, 18, 24, 34, and 42 weeks from the start of nivolumab, respectively (hereafter referred to as T0, T2, T4, T8, T12, T18, T24, T34, and T42). An additional blood sample was collected after the 22nd nivolumab administration (T44) and 16 weeks of targeted therapy (T60).

Experimental procedures conducted for flow cytometry, immunohistochemistry (IHC) and multiplex fluorescence IHC (mIHC) analyses are described in Supplementary Material.



RESULTS


PB Changes in Immune Cell Subsets and Tumor Burden During Nivolumab Therapy

To investigate how nivolumab influenced PB lymphocyte sub-populations and tumor burden, we determined the counts/ml of CD45+ leukocytes, CD4+ SS cells, and total CD4+ and CD8+ T cells at T0 and after selected nivolumab administrations up to 42 weeks (T42) from the start of therapy. Moreover, we monitored the counts/ml of CD16+ CD56+ NK cells and CD19+ B cells at T0 and from T12 to T42. The counts/ml of SS cells was calculated from the percentage of TCR-Vβ 5.1+ SS cells detected within CD4+ lymphocytes (Figures 1A,B).
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FIGURE 1. Changes of circulating SS cells and immune cell subsets during nivolumab treatment. (A) Absolute counts of total CD45+ leukocytes, CD4+ T cells and SS cells were determined at T0 and the indicated weeks from the start of nivolumab, as described under section “Materials and Methods.” (B–D) PBMC were co-stained with anti-TCR-Vβ 5.1 (mix C) and anti-CD4 mAbs at T0, T42 [red arrows in graph (A)] and T60. Percentage of SS cells was evaluated in pre-gated CD4+ T cells and is showed into the plots. (E) Percentages of CD8+ T cells, NK and B cells were calculated within total CD45+ leukocytes.


As shown in Figures 1A,B, we measured an absolute count of 6.4 × 103/ml neoplastic cells at T0, representing 94% of CD4+ T cells (6.8 × 103/ml) and 85% of CD45+ leukocytes (7.5 × 103/ml). All these three populations decreased maintaining a similar ratio until T4 (Figure 1A). After this point, we observed a more consistent reduction of neoplastic cells that at T42 were 0.45 × 103/ml, representing 59% of CD4+ T cells (0.77 × 103/ml) and 38% of CD45+ leukocytes (1.1 × 103/ml) (Figures 1A,C).

Notably, evaluation of neoplastic cells at T60 revealed a still low tumor burden with 0.7 × 103/ml SS cells representing 39% of CD4+ T cells (2 × 103/ml) (Figure 1D) and 16% of CD45+ leukocytes (4.4 × 103, data not shown).

Nivolumab also induced changes in the percentage of CD8+ T cells, NK cells and B cells within CD45+ leukocytes (Figure 1E). CD8+ T cells increased from 6% detected at T0 to 18% detected at T42, with a spike of 16% observed at T12. This trend was also supported by the decreasing ratio of CD4+/CD8+ T cells measured from T0 to T42 (Supplementary Table 1).

A raise of NK cells from 1.77% at T0 (not shown in figure) to 6.4% at T12 and 10% at T42 was also observed, as well as a variation in the percentage of CD19+ B cells which displayed a bell-shaped curve, starting from 0.58% at T0 (not shown in the figure), progressively increasing up to 9.6% from T12 to T24, and returning to 4% at T42 (Figure 1E).



Expression of PD-1 in SS Cells and Normal Immune Cell Sub-Populations and Their Invigoration Response to Nivolumab Therapy

To better understand the therapeutic effect of nivolumab on SS, we evaluated PD-1 expression in neoplastic cells and immune sub-populations by flow cytometry using PBMCs collected at T0 and T8. Using the gating strategy shown in Supplementary Figure 1, we found that PD-1 was expressed by 92% of SS cells, 68% of normal CD4+ T cells, 45% of CD8+ T cells, 23% of NK cells and only 4.6% of B cells (Figure 2A). None of these cell subsets showed PD-1 expression at T8, accordingly with PD-1 receptor occupancy by nivolumab which prevents the binding of the anti-PD-1 mAb used for staining (19) (Figure 2A).
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FIGURE 2. PD-1 expression in SS cells and normal immune cell subsets and relative patterns of Ki67+ cell frequencies. (A) Frozen PBMCs from SS patient collected at T0 and T8 were thawed and stained for flow cytometry. Pre-gated live single SS cells, normal (n) CD4+ and CD8+ T cells, CD16+ NK cells and CD19+ B cells (see Supplementary Figure 1 for the gating strategy) were inspected for PD-1 expression by overlaying T0 vs. T8 histograms. Numbers inside plots indicate the percentage of PD-1+ cells at T0. (B) Ki67 expression patterns in the same cell subsets defined in (A). The percentage of Ki67+ cells is indicated by the numbers inside the plots. (C) The bar chart shows the T8/T0 ratios of Ki67+ cell frequencies for the indicated sub-populations.


These results pointed out that both SS cells and healthy immune sub-populations are targets of nivolumab and can be potentially unlocked by this therapy in terms of proliferation and/or activity. We thus measured the amount of proliferation of each cell subset after nivolumab treatment. PBMCs collected at T0 and T8 were stained with mAbs against lymphoid lineage markers and Ki67, a nuclear proliferation marker (20).

As showed in Figures 2B,C normal CD4+ T cells were the most responsive to nivolumab, showing an increase of 1.8-fold in the percentage of Ki67+ cells at T8 with respect to T0. CD8+ T cells and NK cells displayed an increase of proliferation of 1.5-fold and 1.2-fold, respectively. Conversely, SS cells and B cells displayed a marked reduction of proliferation, showing a T8/T0 ratio of Ki67+ cell frequencies of 0.48 and 0.19, respectively.

PD-1 expression follows a tri-modal pattern in T cells that can be classified as PD-1 negative, PD-1low and PD-1high expressing sub-populations (21).

A closer look at these PD-1 expression-related subsets at T0 within normal CD4+ and CD8+ T cells demonstrated that PD-1high cells displayed the highest expression of the activation/proliferation markers Ki67, CD71, and HLA-DR supporting an ongoing immune response (22) (Supplementary Figure 2).



Evaluation of Skin-Resident SS Cells and Tumor Infiltrating Lymphocytes (TILs) During Nivolumab Therapy

Histopathological analysis performed on lesional skin biopsies revealed a dense band of atypical T lymphocytes infiltrating papillary dermis at T0, that appeared reduced and lichenoid at T18. Immunohistochemistry (IHC) detection of CD3+, CD4+, and CD8+ T cells evidenced a marked reduction of their density from T0 to T18 (Figure 3).
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FIGURE 3. Clinical presentation and histopathological features of SS. (A) Diffuse erythroderma involving 70% of total body at T0. (B) Reduced erythroderma and presence of vitiligo-like lesion at T8. (C–J) Hematoxylin-eosin (H&E) staining and IHC on lesional skin biopsies. (C) H&E staining of T0 biopsy revealed a dense band of atypical T lymphocytes infiltrating papillary dermis (magnification x10/0.30NA).(D) H&E staining of T18 biopsy revealed a reduced neoplastic infiltrate with a lichenoid aspect (magnification x20/0.40NA). (E–J) IHC analysis for CD3+, CD4+, and CD8+ cells showed a reduction of their density from T0 to T18 (magnification x20/0.40NA).


Next, to better evaluate therapy-induced modulation of skin-resident SS cells and TILs, we used multiplex fluorescence IHC (mIHC) on T0, T18 and T48 skin biopsies (Figure 4). In accordance with IHC findings, a decreased of total lymphocyte density was observed from T0 to T18. At T48 (i.e., 4 weeks after therapy switching from nivolumab to dabrafenib + trametinib) a partial recovery of lymphocyte density was evidenced (Figure 4A and Supplementary Figure 3).
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FIGURE 4. mIHC analysis of skin infiltrating SS cells and TILs. (A) Representative 7-color multispectral images of SS cells and TILs in lesional biopsies collected at T0, T18 and T48. Immune markers and color code are shown in the underlying legend. Original magnification X20. (B–D) Left: mIHC cell percentage of CD4+ (B), CD8+ (C), CD4+ CD8+ (D) cells calculated among total lymphocytes in biopsies collected at T0, T18 and T48. Data reported for each cell subset are the mean values and standard deviation (SD) of about 20 fields from the same sections. Right: pie charts of mIHC data from biopsies collected at T0, T18, and T48. Data reported for each cell subset are the mean values derived from the analysis of the same fields considered in the flanking histograms. (E) Representative 7-color multispectral images of SS cells and TILs in biopsies collected at T0, T18, and T48. Immune markers and color code are indicated in the underlying legend. Original magnification X20. (F,G) Pie charts of checkpoint molecule expression on CD8+ and normal CD4+ lymphocytes calculated in biopsies collected at T0, T18, and T48. Data reported for each cell subset are the mean values derived from the analysis of about 20 fields from the same sections.


Assessment of CD4+ subsets revealed that percentage of normal CD4+ T cells (over total CD4+ and CD8+ T cells) gradually increased from 25 to 60%, from T0 to T48 (Figure 4B). Conversely, the percentage of CD4+ TCR-Vβ 5.1+ SS cells calculated within CD4+ lymphocytes, decreased from 25% at T0 to 11% at T18, to completely disappear at T48 (Figure 4B left). Moreover, at T18 we detected a small proportion of CD4+ lymphocytes endowed with a cytotoxic phenotype (CD4+ granzyme B+) that was no longer present at T48 (data not shown).

Infiltrating CD8+ lymphocytes showed an opposite trend of CD4+ lymphocytes. At T0, they represented 45% of total CD4+ and CD8+ lymphocytes and this percentage decreased to 38 and 30% at T18 and T48, respectively (Figure 4C). However, while only about 30% of CD8+ lymphocytes were granzyme B+ at T0, the proportion of these activated/cytotoxic cells increased to 47 and 74% at T18 and T48, respectively (Figure 4C left).

We also detected an additional population represented by a double CD4+ CD8+ subset which displayed a kinetics similar to that of CD8+ T cells (Figure 4D). In fact, its relative amount progressively declined during therapy (Figure 4D left), whereas positivity for the granzyme B activation marker increased from 6% at T0 to 26% and 61% at T18 and T48, respectively (Figure 4D left).

With regard to the monocyte/macrophage population, CD163+ cells were well represented at T0, to slightly increase at T18 and to reduce strongly at T48 (Supplementary Figure 4). An increase in the percentage of CD163+ CD4+ cells was also observed from T0 to T48 whereas a small percentage of CD163+ CD8+/granzyme B+ sub-population was detected only at T18 (Supplementary Figure 4, left).

We also performed an analysis for other IC markers (Figure 4E). mIHC disclosed that all CD8+ lymphocytes expressed PD-1 at T0, while positivity for this marker strongly declined at T18 and T48 (Figure 4F), most likely reflecting PD-1 occupancy by nivolumab as observed in circulating lymphocytes (Figure 3A). We also observed a small amount of CD8+ PD-1+ lymphocytes that acquired LAG-3 expression after therapy (T18, T48; Figure 4F), while an additional subset of CD8+ PD-L1+ LAG3+ T cells appeared at T18 to decrease at T48 (Figure 4F). Only a minority of CD4+ T lymphocytes expressed PD-1 at T0, and this subset almost disappeared at T18 and T48 (Figure 4G). Furthermore, a CD4+ PD-L1+ LAG-3+ subset appeared at T18 to slightly reduce at T48 (Figure 4G). Finally, we did not observe any PD-L1 expression in SS cells both at T0 and T18 (data not shown).



DISCUSSION

SS has an unfavorable prognosis and current therapies are still unsatisfactory (12). Recent investigations have highlighted clinical benefits of PD-1 blockade in CTCL patients extensively pretreated (4–7). In particular, in a phase II study, pembrolizumab demonstrated significant antitumor activity (overall response rate of 38%) with durable responses and a favorable safety profile in patients with advanced Mycosis Fungoides/SS. However, the use of anti-PD-1 mAbs in SS is still debated since, secondary T-cell neoplasia in patients undergoing PD-1 blockade for their primary tumor, (9–11), as well as rapid disease progression in patients with T-cell leukemia/lymphoma treated with anti-PD-1 mAbs have also been documented (23–25). Understanding the effects of PD-1 blockade on blood and skin-resident SS cells and immune cell subsets during the course of therapy, hitherto not studied in detail, could be useful to evaluate SS patients’ response to PD-1 blockade, a therapeutic strategy under clinical investigation (ClinicalTrials.gov NCT03385226, NCT04118868).

Here, we report the results of a longitudinal analysis of circulating and skin-resident SS cells and immune sub-populations performed in a patient affected by metastatic melanoma and SS, who underwent nivolumab treatment for melanoma over a period of 44 weeks and showed a remarkable response of SS.

Our data show that nivolumab induced a progressive reduction in the absolute count/percentage of blood SS cells, which was accompanied by an increase in the percentage of normal CD4+ and CD8+ T cells and NK cells over total leukocytes. Notably, SS cell absolute count/percentage remained low even 16 weeks after therapy switching to dabrafenib + trametinib. Although we can not exclude that the targeted therapy was also effective on SS cells, the absence of BRAF mutations in SS cells (data not shown) does not support this possibility.

PD-1 is an exhaustion marker induced by chronic TCR engagement supporting an ongoing immune response (22). Instead, Ki67 expressed during cell proliferation, is a marker of anti-PD-1-induced T-cell invigoration of exhausted T cells (26). Previous studies conducted in melanoma patients treated with pembrolizumab demonstrated that the increase in Ki67 expression during therapy was higher in CD8+ PD-1+ than in CD8+ PD-1- PB lymphocytes (26). We therefore measured PD-1 expression in combination with Ki67 in patient’s immune sub-populations at T0 and T8. Consistent with the previous findings, the highest increase in the percentage of Ki67+ cells at T8 occurred in normal CD4+ T cells, followed by CD8+ T cells and NK cells, accordingly to their respective PD-1+ cell frequencies.

Recently, Saulite et al. (27) reported that PD-1 was expressed by SS cells and that in vitro treatment of PMA/ionomycin-stimulated SS cells with nivolumab enhanced their proliferation. In contrast, we observed that, although PD-1 was expressed by almost the totality of SS cells (92%) at T0, a 2-fold reduction in the percentage of Ki67+ cells occurred at T8, indicating that patient’s SS cells were not unlocked by nivolumab. It must be pointed out that our results were obtained on ex vivo SS cells and could be more indicative of nivolumab effects in the patient.

The skin compartment plays a crucial role in SS pathogenesis providing stimulatory signals for SS cell activation/proliferations (28) and contributing to immune evasion or immunosurveillance (29). IHC/mIHC conducted on lesional skin biopsies obtained at T0, T18 and T48 revealed a marked decrease in SS cells at T18 and their disappearance at T48 and an overall reduction in total lymphocyte density. Concurrently, we observed a progressive increase in the percentage of normal CD4+ T cells and a reduction in that of CD8+ and CD4+ CD8+ T-cell subsets from T0 to T48. However, a marked increase in granzyme B positivity was detected in CD8+ and CD4+ CD8+ T cells at T18 and T48, and to a lesser extent in CD4+ T cells at T18, suggesting a functional switching toward a cytotoxic/cytolytic activity (30).

These findings, together with the observation that all CD8+ T cells expressed PD-1 at T0, suggest that clearance of skin SS cells could result from an effective tumor-specific immune response induced by PD-1 blockade. A switching of the tumor microenvironment from an immune suppressive to a more reactive condition appears also supported by the finding that pro-tumorigenic M2 macrophages (CD163+ cells), although slightly increased at T18, appeared clearly reduced at T48.

Previous studies demonstrated that nivolumab is not able to mediate antibody-dependent cellular cytotoxicity and complement-mediated cytotoxicity (31). This rules out the possibility that a direct killing of PD-1+ SS cells could occur by these mechanisms. On the other hand, human NK cells can express PD-1, and PD-1 blockade can increase NK cell activity in the murine model (32). Moreover, SS cells have been previously reported to be target of activated autologous NK cells (33). It is, therefore, possible that the reduction of SS cells in the periphery and in skin tumor lesions could be, at least in part, dependent on nivolumab-mediated boosting of NK cell activity. Actually, in addition to the rise in NK cells which showed clear expression of PD-1 at T0 in peripheral blood, we also observed an increase of NK cells in the lesional skin at T18 with respect to T0 (data not shown).

PD-L1 expression in the tumor microenvironment by tumor and other cells elicits PD-1 signaling, and frequently associates with response to PD-1 blockade (34). At T0, we detected PD-L1 expression only in a small percentage of normal CD4+ T cells, while SS cells resulted PD-L1 negative. An increased percentage of normal CD4+ and CD8+ T cells expressing LAG-3 and PD-L1 was evidenced at T18, suggesting a compensatory mechanism of IC upregulation induced by PD-1 blockade. At T48, the frequencies of both T-cell sub-populations decreased, possibly as a result of nivolumab discontinuation. These findings indicate that, at least in our patient, the low expression of PD-L1 in SS cells and TILs, did not prevent a satisfactory clinical response to nivolumab.

An overall boosting of patient’s immune responses was also attested by the development of vitiligo-like skin lesions, an AE of IC inhibitors frequently observed in melanoma patients (35). This AE is associated with a favorable prognosis and depends on immune responses against antigens shared by melanoma and normal melanocytes (35). Presently, we can not exclude that immune response against some tumor antigens shared between SS cells and melanoma could have contributed to SS response to therapy. Interestingly, complete regression of Mycosis Fungoides, a low-grade CTCL (12, 13) was also observed in a patient with concurrent melanoma upon second-line therapy with the anti-PD-1 mAb pembrolizumab (36).

Although the present study and those of other authors (4–7) demonstrate a clear clinical benefit of PD-1 blockade in T-cell malignancies, it is important to underline that PD-1 is a potent haplo-insufficient tumor suppressor in T-cell lymphoma (8), and that its inhibition might potentially promote lymphomagenesis or accelerate neoplastic T cell growth. Actually, mono- and bi-allelic deletion of PDCD1, the gene coding for PD-1, have been detected in more than 30% of T-cell lymphomas (8) and rapid disease progression has been documented in some patients treated with anti-PD-1 mAbs for T-cell malignancies (23–25). Hyperprogression under anti-PD-1 mAbs has been reported also in patient with non-hematological tumors and several mechanisms have been implicated, including expansion of PD-1+ regulatory T cells (Tregs), compensatory up-regulation of alternative ICs, immunotherapy-related induction of cancer stem cells, reprogramming of tumor associated macrophage from M1 to M2 phenotype as a consequence of their binding to the Fc portion of the anti-PD-1 mAb (37). Those mechanisms could also underlie disease progression in a subset of patients with T-cell malignancies. Actually, expansion of tumor associated Tregs has been reported in Adult T-cell Leukemia/Lymphoma patients rapidly progressing on nivolumab (24). Interestingly, in melanoma patients not responding to PD-1 blockade, increased recruitment of Tregs in tumor microenvironment was associated with PTEN loss (38). Previous studies, including one by our group, demonstrated that PTEN deletion and/or epigenetic down-regulation occur frequently in SS (39) and hematological tumors (40). Moreover, PDCD1 was found to be biallelically or heterozygously deleted in 5 and 15% of CTCLs, respectively (41), while focal deletion of 2q37.2, involving PDCD1 and five other genes, has been identified in 36% of SS patients (42). It is possible to speculate that the genomic status of these tumor suppressor genes could, at least in part, underline the heterogenous responses T-cell neoplasias to anti-PD-1 mAbs.



CONCLUSION

Nivolumab induced a remarkable clinical benefit for SS in our patient. Therapeutic efficacy might be also due to a good immunocompetence of this treatment-naïve patient. Our data also suggest that Ki67 expression in circulating neoplastic and immune cell subsets, as well as an enrichment in T cells with a cytotoxic phenotype in lesional skin could be valuable markers to assess early on treatment SS patients’ response to PD-1 blockade.
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Tumor-infiltrating lymphocytes (TILs) in gastric cancer are closely related to clinical prognosis; however, little is known regarding the immune microenvironment in this disease. Thus, RNA-sequencing data from gastric cancer patients were downloaded from the Gene Expression Omnibus (GEO). The proportion of immune cells was determined based on a deconvolution algorithm (CIBERSORT), and gene expression profiles were analyzed in the context of clinical outcomes to construct an immune risk score. Data were analyzed using least absolute shrinkage and selection operator (LASSO) and multivariable Cox regression, to identify prognostic markers of gastric cancer survival. The model included four immune cell types: neutrophils, plasma cells, activated CD4+ memory T cells, and T follicular helper cells. Patients were classified into two subgroups based on risk score, and a significant difference in overall survival (OS) was seen between the subgroups in both the training and testing cohorts, particularly in patients with tumor stages ≥T3. Multivariable analysis revealed that both T-stage and risk score were independent prognostic factors for gastric cancer survival [hazard ratio (HR) 1.505; 95% confidence interval (CI) 1.043–2.173, HR 1.686; 95% CI 1.367–2.080]. Risk scores and clinical factors were then integrated into a nomogram to build a model with both good discriminatory power and accuracy in predicting clinical outcomes. Further analysis using gene set enrichment analysis (GSEA) identified strong associations of immune risk with TGF-β and tumor metastasis-related pathways, which could inform research on the molecular mechanisms of gastric cancer. Collectively, the data presented here suggest that an immune risk model can make an important contribution to predictions prognosis in gastric cancer patients.
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INTRODUCTION

Gastric cancer is one of the most common forms of cancer worldwide, with over 1,000,000 new cases diagnosed in 2018, resulting in ∼783,000 deaths (1). In recent years, the diagnosis and treatment of early gastric cancer has progressed rapidly (2); however, the treatments for advanced stage gastric cancer remain limited. Secondary treatment with chemoradiotherapy after surgery has not provided satisfactory therapeutic results, and nor has the combination of paclitaxel with ramucirumab, an anti-VEGFR2 antibody; the overall survival (OS) time remains below 2 years (3, 4). Additional biomarkers for tumor detection and classification of gastric cancer subtypes are therefore necessary, as well as more effective treatments for advanced-stage patients.

Evidence of much greater heterogeneity in gastric cancer prognosis than previously thought is emerging from a growing number of clinical trials, even after adjusting for TNM stage. Thus, it is important to identify prognostic factors that are independent of other clinical factors, such as immune markers. As an essential component of the tumor microenvironment, immune cell infiltrates have a profound effect on tumor development and clinical outcomes. Recent studies showed that immune cell infiltration phenotypes may be associated with clinical outcomes, including tumor prognosis (5–7). Other studies revealed strong correlations between clinical outcomes and immune cells in gastric cancer, including CD8 T cells, mast cells, and tumor-associated macrophages (8, 9). Moreover, the tumor immune response has proven to be an important target of precision therapy for cancer. Immune checkpoint inhibitors have attracted significant attention in recent years, with therapies targeting immune receptors such as PD-1 and CTLA-4 being capable of limiting T cell activity by modulating various signaling pathways. As the targeting of immune checkpoint inhibitors has proven highly successful for the treatment of various cancers (10, 11), extension of this strategy to other malignancies, including gastric cancer, has become a major topic in clinical research (12).

Although previous studies have evaluated the prognostic value of single immune cell populations, comprehensive analysis of the tumor immune landscape and related molecular mechanisms has been lacking, with few studies assessing the full repertoire of immune cells present in tumor infiltrates. Such an analysis is essential both for diagnosing and understanding the progression of cancers, due to the diverse immune cell networks and highly complex interactions thereof (13). To understand the relevance of the immune response to gastric cancer, and to identify immune therapeutic targets and biomarkers, it is necessary to holistically evaluate the overall composition of tumor immune cell infiltrate. Analysis of a large number of cancer samples will increase the statistical power of any such evaluation, lending credibility to the outcomes.

Recently, a new gene expression matrix-based deconvolution algorithm known as CIBERSORT was developed, which can be used to assess the diversity characteristics of tumor-infiltrating lymphocyte (TIL) populations. CIBERSORT has proven highly effective in controlling for statistical noise and distinguishing among closely related cell types, making it a useful application for studying cell heterogeneity in multiple tissue types, including solid tumors (14). Here, we applied CIBERSORT to transcriptomic data collected from multiple tissue types, to quantify the relative proportions of 22 types of immune cells. RNA-sequencing data from gastric cancer samples were obtained from the Gene Expression Omnibus (GEO) to investigate the role of immune cells in the OS of gastric cancer patients. Least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression analysis were used to establish a risk model to predict the OS of patients with gastric cancer. Gene set enrichment analysis (GSEA) revealed a strong association of immune risk with transforming growth factor (TGF)-β and tumor metastasis-related pathways, and identified immune signatures that could inform further research on the molecular mechanisms of gastric cancer (15).



MATERIALS AND METHODS


Gastric Cancer Datasets and Processing

Gastric cancer gene expression data were obtained from the GEO database1. Small datasets (<50 samples) were excluded from the analysis, as were the data of patients with an OS time <1 month, or with insufficient data regarding age, gender, or TNM stage. Based on these criteria, we identified a single study (GSE84437) of patients with gastric cancer. Normalized matrix files for the dataset as well as the platform files were downloaded.



Estimation of Immune Cell Type Fraction

To determine the proportions of the 22 infiltrating immune cells in the normalized gene expression datasets, the CIBERSORT algorithm and LM22 gene signature were used. CIBERSORT, which is a deconvolution algorithm for analyzing gene expression data, uses a series of gene expression barcodes (comprising a “signature matrix” of 547 genes) for characterizing the proportion of each immune cell type. Briefly, the gene expression datasets were uploaded to the CIBERSORT web portal2, and the deconvolution algorithm was run using the LM22 gene signature matrix (1,000 permutations). CIBERSORT derives a p-value for the deconvolution of each sample using Monte Carlo sampling, as a measure of confidence in the results; only samples with a p-value < 0.05 were considered for further analysis. For each sample, the sum of all estimating infiltrating immune cell fractions equaled 1.



Immune Cell Model Construction and Verification

The CIBERSORT files were combined with relevant clinical data, and the patients were divided into training and testing cohorts according to a 1:1 ratio using a randomization method based on survival status. We included all samples with p-values < 0.05 in the CIBERSORT model for the training cohort analysis. LASSO regression was used to identify the most valuable prognostic immune cell subset among 22 types of immune cells, and the optimal values of the penalty parameter λ were determined by cross-validation. Associations between the proportions of immune cell types and survival were tested using multivariate Cox regression, which was also used to further filter the immune cell populations and determine the final coefficient of each cell type to construct the immune risk model. Final risk scores were calculated and “high risk” and “low risk” groups were distinguished according to the median risk score.
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The associations of infiltrating immune cell subsets with OS were analyzed using Kaplan–Meier curves, with receiver operating characteristic (ROC) curve analysis used to verify the sensitivity and specificity of the model for the training cohort. The immune risk model was then applied to the testing cohort and Kaplan–Meier and ROC curve analyses were used to verify the reliability of the model.

Immune cell populations were further classified based on tumor stage, with matrices isolated from T1 and T2 tumors divided into one cohort and T3 and T4 tumors into another. The risk model was then applied to each cohort and “high risk” and “low risk” groups were distinguished. Kaplan–Meier curves were plotted for each cohort to illustrate the gastric cancer stage most suitable for application of the model.



Independent Prognostic Factors and Clinical Prognosis Model

Univariate and multivariate Cox regression analyses were used to evaluate the correlations between OS and clinical factors, and to identify factors independently predicting disease outcomes.

The independent prognostic factors were then used to construct a new clinical model. The data were visualized using a nomogram to assess the relationship between the variables in the clinical model and prognosis. Harrell’s concordance index (C-index) was calculated and the prognostic models were calibrated using the R survival package.



GSEA

Gene set enrichment analysis was used to identify differences in gene enrichment between the low- and high-risk cohorts based on Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis, and on immunologic signatures.



Statistical Analysis

Statistical analysis was conducted using R software (version 3.6.1; R Foundation for Statistical Computing, Vienna, Austria). All statistical tests were two-sided, with p-values < 0.05 considered statistically significant.



RESULTS


Flowchart

A total of 288 clinically annotated gastric cancer samples were identified that met the screening criteria described above. Supplementary Table S1 provides a summary of the immune cell compositions within and across gastric cancer subgroups. A schematic overview is shown in Figure 1.
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FIGURE 1. Study design and patient demographics. Step 1: The dataset of study GSE84437, containing 433 gastric cancer tissue samples, was mined using CIBERSORT. Data were filtered based on p-values and clinical outcomes, yielding a final cohort of 288 patients. Patients were divided into training and testing cohorts according to 1:1 ratio using a randomization method. Step 2: Four infiltrating immune cell types in the training cohort were screened by least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression, and validated in both the training and testing cohorts. Step 3: Gene set enrichment analysis (GSEA) analysis was used to identify subgroup differences in gene enrichment.




Establishment of the Immune Risk Model

The normalized gene expression profiles of human gastric cancer cells were analyzed using CIBERSORT. The proportions of the 22 immune cell types are shown in Figure 2. To evaluate the association between immune characteristics and prognostic outcomes, four features were extracted from among the 22 different immune cell types in the training cohort using LASSO regression (λ = −4). The partial likelihood deviance for this penalty parameter was 10.949 (minimum deviance). Next, stepwise regression was used to further filter the different immune cell types and identify the optimal coefficient for each population. Finally, four cell types were selected to construct the immune risk model. The formula of the model was as follows: risk score = 35.127 ∗ neutrophils – 5.798 ∗ plasma cells – 4.155 ∗ activated CD4+ memory T cells - 6.239 ∗ T follicular helper (Tfh) cells. The training and testing cohorts were both divided equally into high and low risk groups using the above formula, according to the median risk score in the training cohort.
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FIGURE 2. Construction of the risk model. (A) Box plot showing the proportions of 21 immune cell types across 288 samples filtered by CIBERSORT. (B) LASSO regression coefficients of the 21 immune cell types. The dotted line indicates the value chosen by tenfold cross-validation. (C) Tenfold cross-validation informing the parameter selection in the LASSO model. (D,E) Risk score determined by time-dependent receiver operating characteristic (ROC) curves for the training and testing cohorts. The area under the ROC curve was 0.600, 0.691, and 0.716 for the risk scores for 1-, 3-, and 5-year overall survival (OS) in the training cohort, versus 0.800, 0.580, and 0.632 in the testing cohort, respectively.




Validation of the Risk Model for Predicting Survival

Next, we evaluated the prognostic value of the immune risk model with respect to OS. Cases in the high-risk group had a significantly worse OS relative to the low risk group, both in the training and testing cohorts (p < 0.001 and p < 0.05, respectively; Figure 3). The 1-, 3-, and 5-year OS rates were 0.896, 0.639, and 0.486 in the training cohort and 0.965, 0.854, and 0.750 in the testing cohort, respectively. The accuracy of the model was verified using time-dependent ROC curves, which confirmed the reliability of the prognoses in both cohorts. The area under the ROC curve for the risk score was 0.600, 0.691, and 0.716 for 1-, 3- and 5-year OS in the training cohort, versus 0.800, 0.580 and 0.632 in the testing cohort, respectively. Next, the training and testing cohorts were combined to derive a new cohort and then re-divided into two subgroups according to tumor (T) stage. The degree of separation between the two groups, according to Kaplan–Meier survival curves, showed a significant difference between the T1–T2 (p = 0.02) and T3–T4 patients (p < 0.001).
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FIGURE 3. Kaplan–Meier survival curves for gastric cancer risk score and tumor (T) stage. (A,B) Kaplan–Meier survival curves for the training and testing cohorts. (C,D) Kaplan–Meier survival curves for stages T1–T2 and T3–T4.




Characteristics of the Immune Risk Score Model

As can be seen in Figure 4, OS was obviously different between subgroups for both the training and testing cohorts. Green and red areas correspond to low and high risk scores, respectively. The heatmaps demonstrated clear segregation of the four selected immune cells into two subgroups. The proportions of activated CD4+ memory T cells, plasma cells, and Tfh cells in the high risk score group were significantly higher than in the low risk score group, with the opposite pattern seen for neutrophils.
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FIGURE 4. Risk curve and heatmap grouped according to risk score in the training and testing cohorts. (A,C,E) Risk curve and selected immunocyte populations in the training cohort. (B,D,F) Risk curve and selected immunocyte populations in the testing cohort.




Independent Prognostic Factors of Gastric Cancer

Clinical parameters are crucial for accurate patient prognosis. In this study, univariate Cox regression analysis was first conducted to evaluate the correlations between survival prognosis and clinical factors. T stage and risk score were the first factors tested, and both proved to be negative predictors of survival [hazard ratio (HR) 1.505, 95% confidence interval (CI) 1.043–2.173; HR 1.686, 95% CI 1.367–2.080]. These factors were also identified as independent prognostic factors by multivariate Cox regression (HR 1.468, 95% CI 1.010–2.135; HR 1.658, 95% CI 1.331–2.065). The HRs for T stage and risk score were both >1, showing that these factors were strongly associated with poorer survival outcomes.



Nomogram of Independent Factors

Next, independent prognostic factors were used to construct a new clinical model. A nomogram was built that integrated the T stage and risk score to predict 3- and 5-year OS in the training cohort (Figure 5). The C-index of the nomogram was 0.662. The calibration curves showed satisfactory predictive power with respect to 3- and 5-year OS, as determined by comparing the actual observations against the predictions.
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FIGURE 5. Evaluation of independent prognostic factors in the training cohort. (A) Nomogram of independent prognostic factors including risk score and T stage. The values attributed to each individual patient are located on the variable axis; the upward line shows the points received for each variable. The sum of the scores is shown on the total points axis; the line drawn downward to the survival axis shows the likelihood of 3- or 5-year survival. (B) The calibration curve for predicting 3- and 5-year OS in the training cohort. (C) The time-dependent ROC curves for 3- and 5-year OS in the training cohort.




Differences in Gene Enrichment Between Immune Risk Subgroups

Gene set enrichment analysis was used to identify differences in gene enrichment between low- and high-risk cohorts based on GO, and KEGG pathway analysis, and immunologic signatures (Figure 6). Several biological pathways associated with malignant tumor phenotypes were significantly enriched in the high risk group, including focal adhesion [normalized enrichment score (NES) = 1.91, p < 0.001, false discovery rate (FDR) = 0.016], TGF-β signaling (NES = 1.48, p = 0.038, FDR = 0.224), and leukocyte transendothelial migration (NES = 1.39, p = 0.067, FDR = 0.234) in KEGG pathways. GO analysis revealed significant up-regulation of adherens junction organization (NES = 2.11, p < 0.001, FDR = 0.005) and positive regulation of SMAD protein phosphorylation (NES = 2.16, p < 0.001, FDR = 0.005) in activated CD4+ memory T cells compared to study GSE32533 (NES = 1.93, p < 0.001, FDR = 0.046), a study validating miR-17 from the miR-17-92 cluster regulating activation-induced cell death in T cells and modulating inducible regulatory T cell differentiation. Genes upregulated in CD4+ Tfh cells formed a unique immunologic signature compared to study GSE21379 (NES = 1.85, p < 0.001, FDR = 0.064), a study revealing a prominent role for SLAM receptor ligation in IL-4 production by germinal center CD4 T cells but not in Tfh and GC Tfh differentiation. For the low risk group, natural killer (NK) cell-mediated cytotoxicity (NES = −1.75, p = 0.010, FDR = 0.069) and T cell receptor signaling (NES = −1.67, p = 0.026, FDR = 0.093) were shown to be upregulated based by KEGG analysis, while positive regulation of NK cell-mediated immunity (NES = −0.80, p < 0.001, FDR < 0.001) and myosin heavy chain (MHC) protein binding (NES = −0.74, p = 0.004, FDR = 0.072) were significant based on GO analysis.
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FIGURE 6. Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and immunologic signature analysis using gene set enrichment analysis (GSEA) according to risk subgroup in the merged dataset. NES, normalized enrichment score; NOM-p, nominal p-value; FDR-q, false discovery rate. (A–C) SMAD protein phosphorylation, adherens junction and cell junction enriched in the GO analysis. (D–F) Transforming growth factor (TGF)-β signaling, adherens junction, and focal adhesion pathway enriched in the KEGG analysis. (G–I) Immunologic signature analysis.




DISCUSSION

Our risk model, as a novel prognostic tool designed to improve the accuracy of survival predictions for patients with gastric cancer, was established and validated in this retrospective study. LASSO and multivariate COX regression analyses of four immune cell types, including activated CD4+ memory T cells, plasma cells, neutrophils, and Tfh cells, were performed, with significant correlations with OS seen for all cell types except Tfh cells (p < 0.05). Due to the strong correlation between infiltrating immune cell types seen in this study, LASSO regression was essential for reducing collinearity through selection of the optimal penalty parameter λ, after which stepwise regression with the Akaike information criterion (AIC) was applied to filter immune cells and select the optimal coefficient for each cell population.

Previous studies revealed that memory T cells could provide protection against both Helicobacter pylori infection and gastric cancers, and were shown to be associated with lymph node metastases in gastric cancer (16, 17). As CD4+ memory T cells are the most abundant immune cells in tumor tissues, more research into their role in tumor metastasis and disease progression is necessary; these cells represent a potential target for immune therapy. In this study, infiltration of plasma cells was also shown to prolong survival in gastric cancer as a component of the humoral immune response, consistent with previous studies (18, 19); however, the precise role of these cells remains poorly understood. Neutrophils were assigned the highest coefficient in our risk assessment formula, possibly due to their ability to regulate many of the malignancy-associated behaviors of cancer cells, such as migration and invasion (20, 21). The difference in infiltration ratio among these four immune cell types may be correlated with leukocyte migration-related pathways, which were enriched in our high risk subgroup; a high risk score was indicative of infiltrates with a high proportion of neutrophils and low proportions of plasma cells, activated CD4+ memory T cells, and Tfh cells. However, how this influences clinical outcomes remains unclear, although methods such as GSEA do suggest a variety of possible molecular mechanisms (see below).

Stratified analyses were performed by T stage, and Kaplan–Meier curves showed clear segregation between subgroups (T1–T2 vs. T3–T4), indicating that our model may be more useful for more advanced cases of gastric cancer. Furthermore, the contribution of the risk score to the prognosis of each subgroup was significant: the risk score was an independent prognostic factor and could therefore be used to supplement the established prognostic factor of T stage. The reason why the model appears more suitable for advanced-stage patients may be the higher proportion of T3–T4 stage samples in the training cohort used to construct the model.

The molecular mechanisms and biological processes underlying the impact of the immune cell infiltration ratio on survival were also investigated. GO, and KEGG GSEA analyses were used due to the limited number of differentially expressed genes between the two subgroups. It is worth noting that both the GO and KEGG GSEA results showed significant enrichment in the regulation of adherens junction organization and focal adhesion in the high risk subgroup, suggesting that a change in the proportions of infiltrating immune cell types may influence the risk of tumor metastasis and, by extension, the prognosis. TGF-β signaling and positive regulation of SMAD protein phosphorylation were also enriched in this subgroup based on both GO and KEGG analyses. Thus, we suspect that the TGF-β signaling pathway may interact with SMAD phosphorylation to affect tumor metastasis. This is strongly supported by a recent study showing that tumor-derived TGF-β could suppress the anti-tumor function of CD4+ T cells through SMAD protein phosphorylation in the tumor effusion fluids of metastatic patients (22). Also, a known determinant of PD-1/PD-L1 immunotherapy outcomes is TGF-β pathway regulation, which can restrain anti-tumor immunity by restricting T cell infiltration (23).

NK cell-mediated immunity was associated with our low risk group, with neutrophils potentially influencing the clinical outcome of gastric cancer via regulation of this immune response (24); this is consistent with neutrophils having the highest coefficient in our risk assessment model. Indeed, enriched neutrophils have been shown to induce NK cell activation via receptor-ligand interactions (25) and production of interleukin (IL)-18 (26).

The immunologic signature analysis described herein was accomplished via GSEA. Enrichment of miR-17-regulated genes in activated CD4+ T cells was shown to facilitate CD4+ T cell expansion, and to modulate cell death and the differentiation of regulatory T cells (27). As the activated CD4+ memory T cell population in this risk model was shown to be a protective factor (HR 0.0157, 95% CI 0.0007–0.3394), this phenomenon could be interpreted as a byproduct of miR-17 activity. The miR-17 cluster is essential for a T cell-mediated anti-tumor response in vivo, through strict enforcement of Th1 lineage–specific functions (28, 29). Similarly, SH2D1A-regulated genes in CD4+ Tfh cells, as well as genes up-regulated in CD4+ memory T cells (27), were also enriched. Through adoptive transfer of antigen-specific subpopulations of CD4+memory T cells, distinct CD4+ memory T cell populations committed to Tfh lineages could be identified (28). As Tfh cells are essential for the development of germinal center, this population could provide the signals required by B cells to facilitate maturation (30). The above findings may explain why the activated CD4+ memory T cells and plasma cells were identified as protective by our LASSO-COX regression analyses (HR 0.016, 95% CI 0.0007–0.3394; HR 0.003, 95% CI 0.001–0.642). Beyond these observations, many similar immunologic signatures remained to be investigated.

Despite the findings detailed above, there were also some limitations to our analysis. First, the accuracy of the model remains suboptimal, as the area under the ROC curves for both the training and testing cohorts was <0.8. Second, the GSEA of the molecular mechanisms underlying the relationship between risk score and clinical outcomes was not robust. Moreover, even though the results suggested that tumor metastasis may be well explained by our model, it was difficult to validate this due to the absence of N and M stage data. Further research may provide greater insight into the mechanisms driving gastric cancer. Finally, the conclusions of this study were based on bioinformatic analyses only. Whether the model could be used to predict patient survival based on tumor biopsies remains unclear. Further validation of our findings is necessary using experimental data.

In summary, we analyzed 22 distinct immune cells present in the tumor infiltrates of gastric cancer and established an immune risk model which is not only a vital supplement to the prognostic prediction of gastric cancer but also providing a new direction for the subsequent targeted therapy in patients with high immunological risk. On this basis, a new clinical prognosis prediction model was constructed combining the immune risk model with clinical data. Thus, the new clinical model might have crucial implication in predicting prognosis of postoperative gastric cancer.
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Immunotherapy, particularly immune checkpoint blockade and chimeric antigen receptor (CAR)-T cells, holds a great promise against cancer. These treatments have markedly improved survival in solid as well as in hematologic tumors previously considered incurable. However, durable responses occur in a fraction of patients, and existing biomarkers (e.g. PD-L1) have shown limited prediction power. This scenario highlights the need to dissect the complex interplay between immune and tumor cells to identify reliable biomarkers of response to be used for patients’ selection. In this context, systems immunology represents indeed the new frontier to address important clinical challenges in biomarker discovery. Through the integration of multiple layers of data obtained with several high-throughput approaches, systems immunology may give insights on the vast range of inter-individual differences and on the influences of genes and factors that cooperatively shape the individual immune response to a given treatment. In this Mini Review, we give an overview of the current high-throughput methodologies, including genomics, epigenomics, transcriptomics, metabolomics, proteomics, and multi-parametric phenotyping suitable for systems immunology as well as on the key steps of data integration and biological interpretation. Additionally, we review recent studies in which multi-omics technologies have been used to characterize mechanisms of response and to identify powerful biomarkers of response to checkpoint inhibitors, CAR-T cell therapy, dendritic cell-based and peptide-based cancer vaccines. We also highlight the need of favoring the collaboration of researchers with complementary expertise and of integrating multi-omics data into biological networks with the final goal of developing accurate markers of therapeutic response.
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Introduction

In the last few years, immune-based cancer therapies have been rediscovered as powerful clinical strategies against cancer. This breakthrough has begun with the discovery and clinical application of immune-checkpoint inhibitors (ICIs) that have changed radically the management of several types of once considered incurable cancers (1). The concept to target immune cells rather than cancer cells has achieved unexpected success especially with monoclonal antibodies against cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4) and programmed cell death protein (PD-1) and its ligand PD-L1, improving enormously the survival rates of patients with metastatic melanoma, lung, renal, and urothelial cancers (2). In addition to ICIs, other immunotherapies such as peptide-based or dendritic cell (DC)-based vaccination and adoptive immunotherapy have been largely used, although clinical responses have been limited thus far (1, 3). Despite the beneficial effects of immunotherapies, immune-related adverse events are often observed and only a minority of patients display long-term responses (4, 5). Several variables determine the efficacy of immunotherapies and in particular, of ICIs. Among the others, one of the most important is the heterogeneity of the host immune response both at the tumor level and in the circulation (6). The nature and function of peripheral and tumor-infiltrating immune cell populations as well as tumor immune signatures and neo-antigen burden dynamically shape the immune contexture driving therapeutic responses (7). However, none of the above-mentioned parameters uniquely associates to immunotherapy responsiveness (8). Therefore, the development of models predicting therapy efficacy by identifying and correlating specific immune elements and functions at the time of diagnosis is central for selecting patients that would benefit from immunotherapeutic treatments. Systems immunology has the objective to generate reliable models predicting therapeutic responses and outcomes by integration of multi-layers immune analyses and advanced bioinformatics approaches (9). In the present review, we will provide an overview of the key technological approaches exploited by systems immunology analysis and will provide examples of application in the urgent search for reliable markers to select cancer patients for personalized immunotherapy approaches (10).



Overview of Current High-Throughput Technologies for Systems Immunology

Several high-throughput technologies are used to characterize the immune status of cancer patients either before or throughout immunotherapy treatment (Figure 1). In the past years, gene expression profiling by microarray was extensively used to evaluate the transcriptome of tissues in numerous biomedical investigations (11). It employs a collection of DNA spots attached to a solid surface. One of the limitations of microarray is the large amount of input RNA required, and it is therefore usually applied to whole blood or to heterogeneous tissue samples. More recently, RNA sequencing (RNA-seq) has completely revolutionized transcriptomic analysis. RNA-seq protocols in general involve the following steps: isolation of RNA, reverse transcription (RT), amplification, library generation, and sequencing (12). RNA-seq has several advantages over microarray technology: i) high coverage and sensitivity (detecting low-abundance transcripts), ii) detection of small RNAs, iii) low background noise and batch effects, iv) low RNA input (12). However, bulk-based profiling performed by averaging results from thousands of cells of distinct types represents a problem for data analysis and interpretation. The advent of single-cell-RNAseq (scRNA-seq) overcame this challenge by quantifying molecular features at the single-cell resolution (13). Individual cells are encapsulated in droplets in a microfluidic device, where the RT reaction takes place. Each droplet carries a “barcode” that uniquely labels the cDNAs derived from a single cell. The ability to read and annotate transcriptomes at single-cell resolution has been coupled with the development of computational methodologies for data analysis and processing that present several challenges (14). Recently, the SIDEseq has been introduced as new measure to evaluate pairwise similarities between cells using scRNA seq data (15). The SIDEseq identifies the lists of putative differentially expressed genes (DEGs) between each pair of cells and uses the consistency between the two lists of DEGs to define their similarity. Through the analysis of simulated and real datasets with varying degrees of complexity, the SIDEseq allows the identification of thin but meaningful differences between small cell subpopulations.




Figure 1 | Overview of high-throughput technologies exploited by systems immunology to characterize the immune system at bulk tissue and single-cell levels. Large datasets are integrated by computational analysis and algorithms and allow the identification of biomarkers exploitable to design personalized immunotherapy treatments. MS, mass spectometry; NMR, nuclear magnetic resonance; mIHC, multiplex immunohistochemistry; RNAseq, RNA sequencing; DNAseq, DNA sequencing; WGS, whole genome sequencing; WES, whole exome sequencing; TMB, tumor mutational burden; TCRseq, TCR sequencing; ChIP-seq, chromatin immunoprecipitation sequencing; ATAC-seq, assay for transposase-accessible chromatin using sequencing; BS-seq, bisulfite sequencing; CyTOF, cytometry by time of flight; mFC, multiparametric flow cytometry.



A new technology termed “spatial transcriptomics” allows visualization and quantitative analysis of the transcriptome with spatial resolution in individual tissue sections. It uses primers of cDNA spatially barcoded for full-transcriptome capture on tissue sections giving a comprehensive 2D or 3D visualization of all mRNAs in tissue sections (16). This method is easy to perform and can be applied alone or in combination with single-cell technologies.

Epigenomics together with transcriptomics enlarge the characterization of the heterogeneity, plasticity, and functional diversity of the immune system as transcriptional regulation is thought to be the proximal effect of epigenomic modifications. Chromatin immunoprecipitation (ChIP-seq) reveals DNA binding sites of specific transcription factors or histone modifications by IP with specific antibodies (Abs). Recently, a high-throughput droplet microfluidics platform to profile chromatin landscapes at single-cell resolution has been described (17). Assay for Transposition of Accessible Chromatin (ATAC-seq) is an alternative to DNase-seq that uses an engineered Tn5 transposase to cleave DNA and to integrate primer DNA sequences into the cleaved genomic DNA. Notably, ATAC-seq has opened the door to the study of tumor-infiltrating lymphocytes (TILs) from the epigenetic perspective (18). Improvements of ATAC-seq have been reported (19).

Chromatin remodeling can be revealed by the analysis of methylome. Pyrosequencing and direct sequencing have been the most widely used methods for analysis of promoter region or CpG islands. The limitations of these techniques include low quantitative accuracy, short read length, and low sample throughput. Emerging next generation sequencing (NGS) platforms allow for massive analysis of the methylation status of almost every CpG site and construction of DNA methylation’s genomic maps at a single base resolution. Modern techniques for DNA methylation mapping use the same software as those that were developed for genetic and genomic analyses (20).

Many reports have shown that the tumor mutational burden (TMB) correlates with the response to ICIs (21). Non-synonymous mutations, in fact, can produce novel tumor-specific antigens (neoantigens) recognized by the host immune system. Although whole exome sequencing (WES) is the gold standard technique, given the global measurement potential, its clinical use is hampered by high cost. Panel sequencing, with various approaches to extrapolate the global TMB from the narrow sequencing, is more used in clinical application and includes several oncopanels, such as Trusight170, Oncomine Tumor Mutation Load Assay, MSK-IMPACT and FoundationOne (22). Possible neoantigens are then predicted in silico according to their affinity to the MHC class I alleles (23).

The adaptive immune response generates a large repertoire of T and B cells with different T-cell receptors (TCRs) and B-cell receptors/immunoglobulin (BCRs/Ig). The repertoire changes in response to different antigens (24), diseases and therapies (25). Conventional methods include: i) spectratyping, which analyzes the variation in the lengths of RT-PCR products generated from the third complementarity-determining region (CDR3) region in TCR Vβ family (26) and BCR/Ig heavy chain, ii) flow cytometry, and iii) immunohistochemistry (IHC). To overcome the limited sensitivity/accuracy of these methods, high-throughput NGS has been developed to profile TCR and BCR/Ig repertoires at the single-cell level. TCR-seq (27) and BCR/Ig-seq (28) is a three-step process: i) PCR amplification of V–D–J (for TCRβ, TCRδ, and IgH) or V–J (for TCRα, TCRγ, and IgL) gene segments, ii) massive parallel sequencing of the PCR amplicons, and iii) alignment of the reads by bioinformatics.

It has been recognized that the type and density of TILs is an important prognostic parameter in numerous cancer types (29). Compared to traditional single color IHC, multiplexed IHC (mIHC) enables the contemporary evaluation of multiple parameters from a single tissue section (30). Of note, a seven-color multispectral IHC of tumors from patients with melanoma could select patients for successful TIL generation for adoptive immunotherapy protocols (31).

Multi-parametric flow cytometry (mFC) is the gold standard technique for enumerating and identifying cells within heterogeneous biological samples. It offers the opportunity to comprehensively characterize the immunologic state of patients on a single-cell basis by using combinations of fluorescently labelled monoclonal Abs specific for target molecules. mFC offers the possibility to differentiate between up to 30 parameters, but as opposed to IHC, it does not provide information about the spatial distribution of a given subset in the analyzed sample. The advent of mass cytometry (cytometry by time-of-flight, CyTOF) has revolutionized human immune cell profiling. It allows the simultaneous measurement of >40 markers on a single-cell basis. This is achieved by using antibodies coupled to rare metal isotopes providing a unique mass tag for each marker, which is detected by time-of-ﬂight mass spectroscopy (32). The number of markers and the absence of relevant spectral overlap are a major advantage over mFC. CyTOF is particularly valuable when analyzing samples with a limited number of cells such as pediatric patients or tumor biopsies. In a recent report, Gadalla and colleagues demonstrated that using a 40+ parameter panel on peripheral blood mononuclear cell (PBMC) and tumor tissue samples, CyTOF is as effective as mFC for the identiﬁcation of diverse cell subsets and their subsequent phenotyping (33).

Given the key role of metabolites in modulating T cell function (34) and in affecting the success of immunotherapies (35), a comprehensive analysis of metabolites can effectively complement molecular and phenotyping studies. Metabolomics studies are based on two major technologies, mass spectrometry (MS) and nuclear magnetic resonance (NMR) (36). MS can perform both targeted and untargeted analyses. Targeted analyses follow hundreds of known molecules and quantify key known compounds. Untargeted metabolomics profile many thousands of features globally and can discover novel biomarkers found in specific conditions. Recent advancement in NMR technology has improved its sensitivity and the availability of databases has facilitated the identification of molecules (37).

Proteome profiling allows the contemporary quantification of hundreds of proteins in cell extracts or body fluids. The latter, obtainable through noninvasive procedures, are of particular relevance for biomarker discovery. MS has been extensively used for comprehensive proteome profiling (38). Alternative methods, including high-throughput multiplex immunoassays (Luminex, Bio-Plex) and single cell arrays for secreted cytokines (39), focus on the detection of key factors regulating immune response and intercellular communication, such as cytokines, chemokines, and inflammatory mediators.



Integration of Large Datasets and Biological Interpretation

All the above described high-throughput technological approaches create an enormous amount of data that needs to be computationally analyzed and examined with statistical algorithms for extracting biologically relevant information. The first step in this process is data integration, which involves reformatting the results from multiple assays so that the data can be analyzed as an integrated whole. Data are further analyzed with sophisticated mathematical and computational algorithms to infer biological relationships and to correlate the data with the clinical outcome. By selection of variables of interest potentially predicting patient outcome, these steps are crucial to generate a scientific hypothesis that needs to be tested and validated (40). Various bioinformatics data analysis tools have been developed to organize data from multiple high-throughput assays. However, given the complexity of the immune system and the non-linear correlation of interconnected immune signals, each approach presents advantages and disadvantages. As an example, the analysis of transcriptome data obtained from RNA-seq or microarray experiments are generally carried out according to a bioinformatics workflow including differential gene expression analysis, functional or pathway enrichment, gene set enrichment analysis. This analytic pipeline leads to data visualization of gene expression patterns to be correlated to immune functions (41). Relevant to the analysis of immune transcriptome data are the deconvolution methods that allow quantifying the relative fractions of the immune cell types of interest (42). However, as deconvolution algorithms rely on the assumption that the expression of a gene in a mixture is the result of a linear combination of the expression of that gene in the different cell types, advanced and efficient algorithms remain to be developed to capture the nonlinear cell-cell correlations. This concept supports the increased relevance of high-throughput assays and data collection at single-cell resolution. A recent review highlighted examples of data-driven systems modeling that characterize, map, or connect components of the immune system, with application in cancer immunotherapy (43). In the next sections, we will provide examples of the application of one or more high-throughput multi-parametric technologies for the identification of predictors of response to immunotherapy.



Integrative, Multi-omics Approaches to Unravel Responses to ICIs and Identify Predictive Biomarkers

The comprehensive analysis of patients’ immune status by systems immunology uniquely offers the possibility to understand the complex interplay between tumor and host cells in the context of successful or ineffective responses to ICIs and allows the identification of biomarkers for personalized immunotherapy treatments. Several recent studies have reported unbiased high-throughput analyses in the attempt to identify immune correlates of response to ICIs. In a small cohort of non-small cell lung cancer (NSCLC) patients treated with anti-PD-1 Abs, expression signatures of immune-related genes were correlated with durable clinical benefit in 9 out of 21 patients (44). Of note, up-regulation of macrophage 1 and down-regulation of peripheral T cell gene signatures showed the best performance for discriminating between durable and non-durable clinical responses. In the same tumor histotype, the response to anti-PD-1 Ab was also shown to correlate with the molecular smoking signature, high candidate neoantigen burden and DNA repair pathway mutations (45). In small cell lung cancer high TMB was associated with improved objective response, durable clinical benefit, and better progression-free survival following PD-1 and CTLA-4 blockade (46). Likewise, TMB, the candidate neoantigen load and the expression of cytolytic markers in the TME were significantly associated with clinical benefit in melanoma patients in response to CTLA-4 Ab (47, 48). More recently, TMB and efficient neoantigen presentation analyzed by NGS in a cohort of 83 patients with 20 different solid malignancies revealed predictors of response to ICIs (49). In another study, a deep machine-learning model integrating TMB, microsatellite instability, and somatic copy-number alterations was used to subclassify 8,646 tumors from 29 tumor types into four distinct genomic clusters (50). Each cluster was associated with a unique immune landscape inferred by deconvolution of RNA-seq TGCA datasets, highlighting the complex relationship between the tumor genomic landscape and host immunity. Most importantly, applying this model to tumors from metastatic melanoma patients treated with ICIs demonstrated that different genomic clusters were associated with distinct clinical responses to ICI treatment. Along these lines, the integration of mFC, gene expression, and mIHC revealed in lung cancer specimens the presence of a myeloid-rich subgroup enriched in neutrophils, correlating with the absence of intratumor T cells, and identified tumor CD8+/neutrophil ratios as predictors of ICI treatment responsiveness (51). In another study, among the 36 parameters analyzed across 21 cancer types, the estimated CD8+ T-cell abundance in TME was the most predictive of the response to anti-PD-1/PD-L1 therapy, followed by the TMB and by the fraction of samples with high PD-1 gene expression. Of note, the combination of these parameters highly correlated with response to anti-PD-1/PD-L1 treatment (52). In melanoma patients treated with anti-PD-1 Abs, immuno-profiling of PBMC by high-dimensional single-cell CyTOF was used to investigate circulating immune correlates of response. Indeed, the authors observed a more prominent increase in monocyte (CD14+CD16−CD33+HLA-DR+) frequency in responders as compared to non-responders, thus indicating that blood-based biomarkers can also be relevant in clinical practice (53).



Systems Immunology and Biomarker Discovery in Patients Treated With Other Immunotherapies

Among the most promising immunotherapies, chimeric antigen receptor (CAR-T) cell therapy has seen exceptional success in several hematologic malignancies. Yet, challenges in translation to solid tumors still exist. The effectiveness of adoptive immunotherapy with CAR-T cells depends on a complex interplay of tumor, immune and stromal cells, which systems immunology approaches may help to fully elucidate. In a recent study, TCR-seq, integration site analysis, and scRNA-seq were used to profile anti-CD19 CAR-T cells before and after infusion, revealing that clonal diversity declines following infusion and that expanding clones have higher expression of proliferation and cytotoxicity genes (54). By analyzing the transcriptional and cytokine signatures (by means of scRNA-seq and single-cell multiplex cytokine secretion assay), together with live cell imaging of cytotoxic activity, Xhangolli et al. demonstrated that anti-CD19 CAR-T cells display a highly mixed Th1/Th2 function upon antigen-specific stimulation (55). Lymphodepleting chemotherapy is routinely administered prior to CAR-T cell infusion, and has been associated with improved in vivo cell expansion and persistence (56). We used microarray analysis and cytokine protein profiling to unravel the complex systemic effect of preconditioning chemotherapy, revealing the importance of a type I interferon signature and of distinct cytokine profiles in the response to adoptive immunotherapy (57–59). Remarkably, the cytokine profile induced by preconditioning chemotherapy was shown to correlate with progression-free survival in patients treated with anti-CD19 CAR-T cells (60). An integrated systems immunology approach in the context of CAR-T cell therapy evaluating at the same time the characteristics of the cell product and the chemotherapy-induced immune profiles is still lacking, and it is expected to be crucial to improve the therapeutic efficacy of CAR-T cell therapies.

Although systems immunology studies are less common in the context of immunotherapies other than ICIs and CAR-T, several recent omics studies have contributed to elucidate mechanisms underlying successful DC-based and peptide-based anticancer vaccination. In malignant pleural mesothelioma patients undergoing DC-based vaccination, changes in TCRβ repertoire of circulating lymphocytes revealed by NGS, significantly correlated with patient survival (61). In melanoma patients treated with adenovirus-transduced DC and high-dose systemic interferon-alpha-2b (IFN-α2b), a detailed phenotypic and functional analysis of blood NK cells was carried out by mFC, multiplex gene expression analysis and serum content analysis. The results demonstrated that CD56dimCD16−NK cells are a unique non-cytolytic subset that may positively impact clinical outcome (62). In a randomized clinical trial in which resected stage III–IV melanoma patients were treated with peptide-based vaccination and IFN-α2b, with or without dacarbazine preconditioning, we have used mFC to reveal parameters correlating with relapse-free survival. Our treatments induced an increase of polyfunctionality and of IL-2 production by vaccine-specific CD8+ T cells and an expansion/activation of NK cells (CD56dimCD16-CD107a+) only in relapse-free patients (63). Altogether, these results show that high-throughput multi-omics technologies are effective to evaluate therapeutic effects and may be used to guide therapeutic interventions.



Conclusions

Systems immunology provides unprecedented opportunities for biomarker discovery stemming from the integration and statistical analysis of large datasets generated by high-throughput analysis of biological samples either at single cell or at bulk tissue level. Notwithstanding the remarkable present achievements of high-throughput technologies and of in silico analysis, their full potential to revolutionize immunotherapy has yet to be fully realized. In fact, the vast majority of recent immunotherapeutic studies still rely on the use of a single omic approach at a time. Indeed, integration of large datasets characterized by inherent format differences generated by multiple omic platforms is the main bottleneck of systems immunology. Meaningful biological interpretation of large and heterogeneous datasets requires a constant evolution of databases and data analysis tools as well as the collaboration of researchers with complementary expertise to carry out multidisciplinary analysis capable of integrating the emerging data into clinically applicable predictive algorithms. In addition, since measurements typically involve multiple platforms across multiple laboratories, standardization and harmonization efforts are needed to allow comparison of results and maximize the clinical translation of results. It’s now emerging that the density, spatial distribution, and functionality of tumor-infiltrating immune cells as well as the presence of other non-immune components of the TME (endothelial cells, cancer-associated fibroblasts, etc) are important predictors of response to immunotherapy. The future of research for biomarkers of response to immunotherapy is therefore expected to rely on the analysis of the TME as a whole, rather than focusing on the analysis of single components. In this respect, phenotypic and functional analysis of tumors by mFC or CyTOF may be complemented by high-throughput spatial transcriptomics (16) to gain insights on the relative abundance and spatial distribution of cell subtypes in the TME. A promising perspective is also represented by the application of NGS or deep immunophenotyping technologies to liquid biopsies to identify circulating biomarkers (cancer-derived DNA, circulating tumor cells, exosomes or immune cells) of great potential clinical utility due to the non-invasiveness and repeatability of their measurement. Overall, we surmise that the continuous implementation of technologies supporting the advancement of systems immunology represents an important frontier for understanding human immunity and foresee its enormous potential to revolutionize cancer treatment in the near future.
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Background

The programmed cell death ligand 1 (PD-L1) plays a key role in glioma development. However, due to the specificity of glioma’s anatomical position, the role of its expression as a tumor biomarker is limited. It has been proven that the levels of soluble programmed death-ligand 1 (sPD-L1) are associated with prognosis in many malignancies including glioma. However, the expression of sPD-L1 in glioma patients receiving radiotherapy (RT) remains unclear. The purpose of this study was to evaluate the concentration of sPD-L1 in the plasma of glioma patients before and after RT and to explore its relationship with clinical outcomes.



Methods

Between October 2017 and September 2018, glioma patients treated with RT (30 ± 10 Gy, 2 Gy/f) were enrolled, and blood samples were collected before and after RT. We quantified the sPD-L1 levels by enzyme-linked immunosorbent assay (ELISA). The isocitrate dehydrogenase-1 (IDH-1) mutational status and Ki-67 expression of tumors were evaluated by immunohistochemistry. Glioma murine model were used to address whether circulating sPD-L1 molecules are directly targeted by an anti-PD-L1 antibody. The associations between sPD-L1 and clinical features were assessed with Pearson’s or Spearman’s correlation analysis. The progression-free survival (PFS) and overall survival (OS) were determined by the Kaplan-Meier method.



Results

Sixty glioma patients were included, with a median age of 52 years. The proportions of grade I, II, III, and IV gliomas were 6.7%, 23.3%, 28.4%, and 41.6%, respectively. The baseline sPD-L1 levels were significantly associated with tumor grade, IDH-1 mutation status and Ki-67 expression. Using 14.35 pg/ml as the cutoff, significantly worse PFS and OS were both observed in patients with higher baseline levels of sPD-L1 (P = 0.027 and 0.008, respectively). RT significantly increased the mean level of sPD-L1 (P < 0.001). Further analysis showed that the level of sPD-L1 in IDH-1 mutation patients was higher than that in wild-type patients. Furthermore, an analysis of glioma murine model indicated that anti-PD-L1 antibody combine with RT can be a potentially powerful cancer therapy.



Conclusion

This study reported that sPD-L1 might be a potential biomarker to predict the outcome in glioma patients receiving RT. The elevated level of sPD-L1 after RT suggested that the strategy of a combination of immune checkpoint inhibitors and RT might be promising for glioma patients, especially for those with IDH-1 mutations.





Keywords: soluble programmed cell death-ligand 1, glioma, radiotherapy, clinical significance, prognosis



Introduction

Gliomas are the most common primary brain tumors, with a 5-year overall survival (OS) of approximately 36% (1). Glioblastoma (GBM) with only 5.6% of 5-year OS, is the most aggressive form making up 54% of all gliomas (1). Despite neurosurgical resection and adjuvant radio- and chemotherapy prolonging patient survival times, most glioma patients relapse and have limited their life expectancy. The reasons for the failure of conventional therapies include the protection of tumor cells by the blood–brain barrier, as well as invasive tumor growth in an essential organ, which limits the utility of local therapy (2). It is anticipated that novel effective approaches will be urgently required for the systemic treatments of gliomas.

Anti- programmed death 1/programmed death ligand 1 (PD-1/PD-L1) immunotherapy has shown clinical efficacy against many different solid tumor types and hematological malignancies (3–6). However, clinical trials of anti-PD-1/PD-L1 immunotherapy for glioma are relatively delayed (7, 8). Only one phase III clinical trial, Checkmate 143, has been completed; however, nivolumab did not exhibit increased survival benefits compared with bevacizumab (9). It seems that the PD-1/PD-L1 axis only plays one role in the malignant biological behavior of gliomas, while other molecular signaling networks may also play indispensable roles. Radiation is commonly used to treat glioma patients and has been identified to activate immune responses (10–12). Thus, researchers tried to explore the clinical efficacy of immunotherapy (nivolumab) + radiotherapy (RT) ± temozolomide (TMZ) in newly diagnosed glioblastoma patients in some ongoing phase III clinical trials, including Checkmate 498 (NCT02617589) and Checkmate 548 (NCT02667587). However, challenges remain to be addressed to maximize the efficacy of this promising combination. One of these challenges is the identification of biomarkers to assess the dynamic changes in the immune system at the level of patients undergoing RT.

To date, a number of candidate biomarkers of the immune response during and after RT, including both circulating and cellular, have been reported (13–17). Increasing evidence suggests that the expression of soluble PD-L1 (sPD-L1) in the blood is significantly associated with prognosis in gliomas and several extracranial malignancies (18–20). The elevated circulating and cerebrospinal fluid sPD-L1 levels were associated with aggressive biological activities in glioma patients (21). Similarly, high sPD-L1 levels were found which were correlated with abdominal organ metastasis in patients with advanced non-small cell lung cancer (NSCLC) (18) and increased mortality risk in patients with hepatocellular carcinoma (HCC) (20). Moreover, both sPD-1 and sPD-L1 could also acted as useful biomarkers to predict the outcome of PD-1 inhibition therapy in melanoma patients (22). These preliminary results prompted us to further investigate the application of sPD-L1 in the treatment of tumors.

Given the limited evidence that sPD-L1 may be a biomarker to predict the response to immunotherapy in gliomas, our study was performed to evaluate plasma concentrations of sPD-L1 before and after RT in glioma patients and to investigate the relationship of sPD-L1 levels with clinical outcomes. We hypothesized that circulating sPD-L1 molecules in the blood would deliver systemic inhibitory messages that could globally adversely impact antitumoral immune responses.



Materials and Methods


Patients

In this study, 60 patients were recruited. All of them were diagnosed primary or recurrent glioma, then treated with RT for glioma in Shandong Cancer Hospital between October 2017 and September 2018. The study protocol was approved by the Ethics Committee of the Shandong Cancer Hospital, and all patients gave their written informed consent prior to study inclusion. The optimal treatment option was determined by a multidisciplinary tumor board in accordance with our institution’s treatment policy. RT was performed using conventional fractionated RT. It was considered in patients on an individual basis, with a total dose of 54–60 Gy in 30 fractions (f). Concurrent peroral chemotherapy with TMZ was administered at 75 mg/m2 daily during RT. Bevacizumab combined with CCRT was administered at 10 mg/kg (repeated every 2 weeks). If the patient was required surgery first, RT was initiated within 8 weeks after surgery. After the scheduled treatment was finished, regular follow-up was conducted every 3 months with imaging studies and tumor marker analyses.



Blood Sampling

Blood (5–10 ml) was collected from the patients before RT (0 Gy) and after RT (30 ± 10 Gy, 2 Gy/f) using aseptic tubes containing EDTA (5 ml). The blood samples were centrifuged at 2000 rpm for 10 min at 4°C to separate the plasma. Additional centrifugation for 10 min was performed to produce cell-free plasma, after which the plasma aliquots were immediately frozen at -80°C for further analysis.



Soluble PD-L1 Measurement

Patients’ sPD-L1 levels were measured using the human PD-L1 simple-step enzyme-linked immunosorbent assay kit (ab214565, Abcam, USA). In brief, 50 μl of standards at different concentrations and patient plasma samples were added to the wells. Subsequently, 50 μl of PD-L1-conjugated antibody was added, incubated for 1 h at room temperature and then washed 3 times. Next, the substrate solution was applied for the color reaction, which was stopped with stop solution, and the absorbance was immediately measured at 450 nm using an enzyme-linked immunosorbent assay reader (VERSA max microplate reader; USA). The sPD-L1 level was calculated according to standard curves. The minimum detectable concentration of sPD-L1 was 2.91 pg/ml.



Immunohistochemistry and Molecular Pathology

The immunohistochemistry (IHC) sample slides were reviewed by two neuropathologists, and a systematic neuropathological review was based on the 2007 WHO classification of CNS tumors. Tumor tissue was formalin fixed and paraffin embedded according to standard laboratory practice. Specimens were stained with antibodies against isocitrate dehydrogenase-1 (IDH-1) R132H (clone H09, 1:50 dilution; Maxim, China) and Ki-67 (MIB1; Santa Cruz, Shanghai, China, 1:50 dilution). Cells with pale brown granular deposits were considered to have IDH-1 mutational status and be Ki-67 positive. The Ki-67 index is the percentage of positive cells in the densest visual field. IHC analyses were then performed with a quantitative approach under a light microscope.



Glioma Murine Model

C57BL/6 mice (6–8 weeks) were maintained in SPF laboratory conditions and were subcutaneously injected with 2 x 106 cells (GL261 cells) in the right flank (day 0). When the tumor reached a volume of approximately 100 mm3 (approximately 10 days), tumors received one dose of 20 Gy ionizing radiation (IR), and/or 200 μg of anti-PD-L1 antibody (clone 10F.9G2) or isotype control antibody. The sPD-L1 level in the plasma was measured using the mouse PD-L1 DuoSet ELISA (DY1019-05, R&D Systems, USA) before and after IR. Tumor volume was measured twice weekly with calipers, and tumor volume was approximated using the equation for an ellipsoid: (width)2 × length/2. Mice were sacrificed when tumors reached 2,000 mm3.

For the suppression assay, CD8+ T cells were purified from mouse lymph nodes (inguinal, axillary, brachial, superficial cervical, and lumbar) and spleens by CD8 isolation kit (Stemcell, Vancouver, BC). 2 × 105 of naïve CD8+ T cells and the plasma of mice after IR were co-cultured in complete RPMI1640 with the presence of 100 μM of β-mercapitoethanol (Sigma) and 2 μg/ml αCD28 (Biolegend, clone 37.51) in the wells of a flat-bottom 96-well plate coated with 5 μg/ml αCD3 (Biolegend, clone 145-2C11). Cells were harvested after 3 days, stained for CD8+ T cells (Biolegend, clone 53-6.7) and analyzed by flow cytometry.

All experiments related to animals were strictly performed in accordance with guidelines approved by the Ethics Committee of Shandong Cancer Hospital.



Statistical Analysis

Continuous variables are shown as the mean ± the standard deviation (SD) and the minimum-maximum range. The differences between the two groups were calculated using the t-test or the Mann–Whitney U-test according to the normality of the data. The Kruskal–Wallis test was used for the comparison of three or more groups. The post hoc Bonferroni test was used for multiple comparisons. Correlations between the sPD-L1 level and clinical factors were analyzed using Pearson’s correlation analysis or Spearman’s correlation analysis for continuous variables. The chi-squared test or Fisher’s exact test were used for categorical variables. Receiver operating characteristic (ROC) curve analysis was used to determine the optimal cut-off value of sPD-L1 and Ki-67 expression rates. The survival duration was calculated from the date of disease diagnosis (RT start) to the corresponding event. The Kaplan-Meier method with the log-rank test was used to compare survival between groups. Multivariable analysis was carried out by the Cox regression hazard model. The dynamics of sPD-L1 in the plasma were analyzed by the mixed-model approach. All statistical tests were two-sided, and P values <0.05 were considered to be significant. All data were analyzed using IBM SPSS software version 22.0 (IBM, New York, USA). Figures were made by GraphPad Prism version 5.00 (San Diego, California, USA).




Results


Patient Characteristics and Survival Outcome

In this study, 60 glioma patients who had measurable tumors and received RT in Shandong Cancer Hospital were enrolled. Of them, 33 were female and 27 were male, with a median age of 52 years (range, 18–75). Fifty-two out of 60 patients received a pathological diagnosis (20 via subtotal resections and 32 via tumor biopsies), and the other eight patients were diagnosed with GBM by radiological findings based on the current guidelines. Twenty-five patients (41.6%) had pathological grade IV gliomas, 17 patients (28.4%) had grade III gliomas, 14 patients (23.3%) had grade II gliomas, and four patients (6.7%) had grade I gliomas. Of the 60 patients, 42 (70%) patients received RT plus TMZ (CRT), 10 (16.7%) patients received RT plus both TMZ and bevacizumab (CRT+T), and the other eight patients received only RT. The clinical baseline characteristics and outcomes of 60 glioma patients were systematically reviewed, and the results are summarized in Table 1.


Table 1 | Patient characteristics and outcomes.





Association Between Baseline sPD-L1 Levels and Clinical Factors

To investigate the association between baseline sPD-L1 and clinical factors, we measured the sPD-L1 levels in the plasma of 60 patients before radiation therapy and detected the IDH-1 mutational status of 40 patients and the expression of Ki-67 in 44 patients by IHC. The mean level of baseline sPD-L1 was 47.39 ± 59.01 pg/ml (range, 0 - 283.13 pg/ml). Spearman correlation analysis showed that the baseline sPD-L1 level was positively associated with tumor grade (r = 0.495, P < 0.001), IDH-1 mutational status (r = 0.379, P = 0.016), and Ki-67 expression rate (r = 0.434, P = 0.003). With the increase in glioma stage, the mean level of baseline sPD-L1 tended to increase (stage I: 8.18 ± 2.70 pg/ml; stage II: 10.52 ± 18.35 pg/ml; stage III: 29.65 ± 24.23 pg/ml, and stage IV: 60.60 ± 65.95 pg/ml, Figure 1A). Compared to patients with IDH-1 wild-type (WT) tumors, patients with IDH-1 mutation (MUT) tumors showed markedly lower levels of baseline sPD-L1 in plasma (17.28 ± 24.59 pg/ml vs. 61.18 ± 64.30 pg/ml, Figure 1B). In addition, we found that the sPD-L1 level was higher in patients with Ki-67 > 27.5% than in those with Ki-67 ≤ 27.5% (82.58 ± 70.77 pg/ml vs. 24.68 ± 27.89 pg/ml, Figure 1C). As expected, there were no significant associations between sPD-L1 levels and other factors, e.g., sex, age, Karnofsky Performance Status (KPS) score, Numerical Rating Scale (NRS), Nutritional Risk Screening 2002 (NRS 2002), or tumor location.




Figure 1 | Correlations of soluble PD-L1 (sPD-L1) levels with clinical factors. (A) Grade (I, II, III, and IV), (B) IDH-1 mutational status (mutation and wide type), (C) Ki-67 (≤27.5% and >27.5%), and (D) treatment method (Radiotherapy (RT), RT plus chemotherapy (CRT), CRT and beacizumab (CRT+T) before and after RT. ns, non-significant. *P < 0.05, **P < 0.01.





Correlation Between Baseline sPD-L1 Levels and Clinical Outcomes

The median follow-up duration was 28.7 (range, 5.4–38.7) months. The disease of 23/60 (38.3%) patients progressed, and 22/60 (36.7%) patients died within the observation time. The median OS and progression-free survival (PFS) were 28.7 months and 23.2 months, respectively. To evaluate the predictive value of the baseline sPD-L1 level for survival, a cut-off value of 14.35 pg/ml was obtained using ROC curve analysis (AUC = 0.73; P = 0.003). Thirty-three patients (55%) had high sPD-L1 levels (> 14.35 pg/ml), and the other 27 patients had low sPD-L1 levels (≤ 14.35 pg/ml). Significantly worse median OS was noted in patients with higher baseline sPD-L1 levels than in those with lower baseline sPD-L1 levels (23.1 vs. 28.7 months, P = 0.008; Figure 2A). Additionally, patients with decreased sPD-L1 after RT had significantly worse median OS (20.8 vs. 29.5 months, P = 0.040) (Figure 2B). Other factors, including IDH-1 WT tumors (P = 0.036), GBMs (P = 0.010), tumors located in the brainstem (P = 0.001) and tumors with a Ki-67 expression rate >27.5% (P = 0.001), can also affect the OS of patients (Figures 2C–F). In this study, changes in sPD-L1 levels, IDH-1 mutational status and tumor location were independent prognostic factors (P = 0.003, HR = 0.019, 95% CI: 0.001–0.268; P = 0.011, HR = 0.029, 95% CI: 0.002–0.448; P = 0.002, HR = 26.302, 95% CI: 3.239–213.550) (Table 2). However, the baseline sPD-L1 level was not an independent prognostic factor for glioma patients (P = 0.516, HR = 2.231, 95% CI: 0.198–25.126). For PFS, patients with sPD-L1 concentrations above 14.35 pg/ml had worse PFS than those with low sPD-L1 levels (20.4 vs. 26.7 months, P = 0.027; Figure 3A), but an sPD-L1 concentration >14.35 pg/ml was not proven to be an independent prognostic factor for glioma patients in the multivariate analysis. High tumor grade was a poor prognostic factor for PFS both in univariate analysis (P < 0.001) (Figure 3D) and in multivariate analysis (P = 0.001, HR = 3.091, 95% CI: 1.592–6.002) (Table 2). As for other factors, including the change of sPD-L1, IDH-1 mutational status, tumor position, and Ki-67 expression, none of them exhibits a significant correlation with the PFS of glioma patients (Figures 3B, C, E, F).




Figure 2 | Overall survival (OS) of patients according to different factors. (A) The baseline level of soluble PD-L1 1 (sPD-L1) (≤14.35 ng/ml vs. >14.35 ng/ml, P = 0.008). (B) Changes in sPD-L1 after radiotherapy (up vs. down, P = 0.04). (C) IDH-1 mutational status (mutation vs. wide type, P = 0.036). (D) Grade (I, II, III, vs. IV, P = 0.01). (E) Tumor position (brain hemispheres vs. brainstems, P = 0.001). (F) Ki-67 (≤27.5% vs. >27.5%, P = 0.001).




Table 2 | Univariable and multivariable analyses of OS and PFS in the patients.






Figure 3 | Progression-free survival (PFS) of patients according to different factors. (A) The baseline level of soluble programmed death-ligand 1 (sPD-L1) (≤14.35 ng/ml vs. >14.35 ng/ml, P = 0.027). (B) Changes in sPD-L1 after radiotherapy (up vs. down, P = 0.770). (C) IDH-1 mutational status (mutation vs. wide type, P = 0.393). (D) Grade (I, II, III vs. IV, P < 0.001). (E) Tumor position (brain hemispheres vs. brainstems, P = 0.876). (F) Ki-67 (≤27.5% vs. >27.5%, P = 0.066).





Radiation Increases sPD-L1 Levels in Glioma Patients

To explore whether radiation can induce sPD-L1 accumulation, we also measured the sPD-L1 levels in plasma samples of 51 out of 60 patients after RT (30 ± 10 Gy, 2 Gy/f), and found that their mean sPD-L1 levels after RT were significantly higher than the baseline sPD-L1 levels before RT (57.21 ± 60.95 pg/ml vs. 36.65 ± 49.77 pg/ml, P < 0.001) (Figure 4A). In details, sPD-L1 levels were increased in 31 patients and were reduced in 20 patients (Figure 4B).




Figure 4 | Changes in the soluble PD-L1 (sPD-L1) levels after radiotherapy (RT). (A) Overall change in sPD-L1 levels in patients (before RT vs. after RT: 36.65 ± 49.77 pg/ml vs.57.21 ± 60.95 pg/ml, P < 0.001). (B) Individual change in sPD-L1 levels (increased in 31 patients and reduced in 20 patients). ***P < 0.001. Data are presented as mean ± SD.



Next, we undertook further analysis to measure other potential factors that might influence sPD-L1 levels. We first assessed the IDH-I mutational status by pathology analysis. In IDH-1 MUT group, the mean sPD-L1 levels were 17.52 ± 25.50 pg/ml before RT and 36.60 ± 39.66 pg/ml after RT, while they were 66.40 ± 66.55 pg/ml before RT and 70.32 ± 68.96 pg/ml after RT in the IDH-1 WT group. The baseline sPD-L1 level was significantly higher in the IDH-1 WT group than in the IDH-1 MUT group (P = 0.016); however, there was no statistical significance after RT between the two groups (P = 0.107) (Figure 1B). These results showed that sPD-L1 levels tended to increase in these two groups after RT, whereas the fold-change in the IDH-1 MUT group seemed more prominent. Conversely, in the treatment scheme subgroup analysis, the results showed that there were no significant differences in sPD-L1 levels among the RT, CRT, and CRT+T groups either before or after treatment (before treatment: 41.17 ± 43.85 pg/ml, 27.04 ± 30.96 pg/ml and 50.73 ± 81.71 pg/ml, respectively, P = 0.332; after treatment: 56.69 ± 47.52 pg/ml, 42.18 ± 53.46 pg/ml, and 71.56 ± 95.54 pg/ml, P = 0.432. Figure 1D). Thus, the addition of chemotherapy and bevacizumab to RT did not further influence the levels of sPD-L1 in this study.



Anti-PD-L1 Antibody Could Reduce the Expression of sPD-L1 in Glioma Murine Model

To address whether circulating sPD-L1 molecules are directly targeted by an anti-PD-L1 antibody, we performed in vivo studies using the glioma murine model treated with IR (20 Gy), anti-PD-L1 or IR plus anti-PD-L1; we found that there was no difference in baseline sPD-L1 expression levels among the different groups (1.58 ± 0.315 pg/ml, 1.69 ± 0.24 pg/ml, and 1.18 ± 0.51 pg/ml, respectively, P = 0.227; Figures 5A, B). In line with the clinical data, an increase in the expression of sPD-L1 was observed after IR compared with the expression levels in the nonirradiated control group (16.68 ± 11.22 pg/ml vs. 28.50 ± 11.18 pg/ml, P = 0.031, Figure 5B). Notably, the concentration of sPD-L1 could not be detected in either the anti-PD-L1 alone group or the IR plus anti-PD-L1 group (Figure 5B), suggesting that sPD-L1 can be blocked by PD-L1 antibody, which can lead to significant downregulation of sPD-L1.




Figure 5 | Anti-PD-L1 antibody could reduce the expression of sPD-L1 in glioma murine model. The glioma murine models were divided into ionizing radiation (IR) (20 Gy), anti-PD-L1, IR plus anti-PD-L1, and control groups (n = 5). (A) The scheme of in vivo experiments using glioma murine model. (B) The soluble PD-L1 (sPD-L1) were measured before and after IR, respectively, there was no difference in baseline expression levels in different groups; however, IR can upregulate the expression of sPD-L1 and anti-PD-L1 can effectively reduce the expression of sPD-L1. (C) Naive CD8+ T cells were cocultured with the plasma of mice after IR and subjected to suppression assay. Ratio indicates proliferated CD8+ T cells. It showed that suppression on T-cell proliferation can be enhanced upon sPD-L1 incubation in vitro. (D) Treated tumor was measured every 3–4 days for 21 days starting from the day of IR. The combination of IR and anti-PD-L1 could reduce tumor growth than either monotherapy. ns, nonsignificant. *P < 0.05; ***P < 0.001. Each experiment was repeated three times. Data are presented as mean ± SD.



Since CD8+ T cells is crucial for radiation-induced anti-tumor effects, we sought to examine whether sPD-L1 affects the CD8+ T cells activation in the adaptive immune response. We performed the CD8+ T cells suppression analysis using sPD-L1-included mice plasma (Figure 5A). The plasma from the mice without anti-PD-L1 treatment group exhibited the remarkable CD8+ T cell suppression capacity (Figure 5C). The plasma from mice after anti-PD-L1 group (the sPD-L1 concentration is undetectable) didn’t show any suppression activity (Figure 5C). These indicate that the sPD-L1 plays an important role in T cell suppression in tumors.

We next sought to validate whether targeting sPD-L1 using anti-PD-L1 antibody can be a potential cancer therapy. We monitored the tumor size in glioma-bearing mice with different treatments. The IR or anti-PD-L1 antibody alone can slow down tumor growth (Figure 5D). Notably, the combination of IR and anti-PD-L1 significantly reduced tumor growth than either monotherapy (anti-PD-L1 vs. IR plus anti-PD-L1: 789.67 ± 55.86 mm3 vs. 292.16 ± 102.98 mm3 on day 31, P < 0.001; IR vs. IR plus anti-PD-L1 = 697.02 ± 12.98 mm3 vs. 292.16 ± 102.98 mm3 on day 31, P < 0.001) (Figure 5D).




Discussion

Circulating sPD-L1 in the blood has recently been discovered in various malignancies. However, few studies have reported sPD-L1 expression in patients with glioma until now (21). To further explore the existence of sPD-L1 and evaluate the pathological significance of this circulating factor in human cancer, we developed this study for the detection and quantification of sPD-L1 in glioma patients receiving RT. In the present study, by using ELISA formats, we detected that approximately 90% of glioma patients expressed sPD-L1 in the plasma before RT. Further, we determined that RT could upregulate sPD-L1 levels compared with baseline levels. In addition, the high baseline level of sPD-L1, decreased level of sPD-L1 after RT and some other clinical factors, such as IDH-1 WT tumors, GBMs, tumors located in the brainstem and tumors with a Ki-67 expression rate > 27.5%, were demonstrated to be related to poor prognosis in glioma patients. Using the glioma murine model, our data showed that anti-PD-L1 antibody combined with radiation can be an effective therapy method.

The PD-L1/PD-L1 axis is associated with the tumor microenvironment as a regulator of inhibitory signals, and its expression could be a candidate biomarker for patient selection for anti-PD-L1/PD-L1 monoclonal therapy. Aberrant PD-L1 expression has already been reported to occur in glioma tumor tissues based on IHC (8, 23). Considering that the sPD-L1 level may be associated with the tumor burden and the aggressive biological activities of tumors, we investigated whether there were associations between the baseline level of sPD-L1 and the tumor grade or Ki-67 expression, and finally demonstrated that the baseline level of sPD-L1 was significantly elevated in patients with advanced brain tumors or in patients with Ki-67 > 27.5%. Ki-67 is one of the most widely used markers for proliferation in clinical practice and has been validated as a marker in the initial phase of adult neurogenesis (24). Although the mechanism remains unclear, we speculated that most sPD-L1 may be shed from the surface of cells in tumors by the cleavage of membrane-bound proteins and is found in free form in the plasma. In addition, circulating sPD-L1 could lead to immune tolerance; consequently, neoplastic cells would have no limits to proliferation. Therefore, sPD-L1 may be considered to exist from the early stage of glioma progression. In recent years, distinct molecular classes of gliomas have been identified. It is well established that IDH-1 MUT and IDH-1 WT gliomas have distinct tumor behavior driven by different oncogenic signals and respond differently to current treatment paradigms. Notably, by comparing the immune responses between IDH-1 MUT and IDH-1 WT patients, some studies have identified a marked reduction in the expression of immune-related genes, including the CD274 (PD-L1 coding gene) gene, in IDH-1 MUT gliomas (25–27). The results were in line with ours, and downregulated sPD-L1 levels tended to occur in glioma patients with IDH-1 MUT tumors. Collectively, these findings may suggest that the immunological tumor microenvironment may differ according to the IDH mutational status of gliomas.

In addition to the association with some clinical factors, sPD-L1 levels might predict the survival outcomes in cancer patients; however, its prognostic relevance was contradictory in different cancers. In gastric adenocarcinoma, elevated levels of sPD-L1 were associated with a favorable prognosis (65.6% vs. 44.7%, P = 0.028) (28). Inversely, studies in natural killer/T-cell lymphoma (NKTCL), aggressive renal cell carcinoma (RCC), NSCLC, large B-cell lymphoma, HCC, and nasopharynx cancer (NPC) demonstrated that patients with high concentrations of sPD-L1 exhibited markedly worse survival than patients with lower concentrations (18–20, 29, 30). In the current study, we observed that high baseline levels of sPD-L1 (>14.35 pg/ml) in glioma patients were correlated not only with poorer OS (23.1 vs. 28.7 months, P = 0.008) but also with poorer PFS (20.4 vs. 26.7 months, P = 0.027) in univariate analysis. The biological reason why sPD-L1 is more strongly associated with survival outcomes has to be further elucidated. It is very possible that as sPD-L1 spreads throughout the body via the blood and lymphatic circulation, it exerts a widespread inhibitory effect on T cells by interacting with cell surface receptors such as membrane-bound PD-1 (31–33). And this hypothesis was verified by T cell suppression assay in this study. In addition, we found that sPD-L1 molecules might represent a direct target of therapeutic PD-L1 antibodies. The described functions might work as mechanisms of escape from immune surveillance and/or result in an impairment of anti-PD-1/PD-L1-directed antibody therapy and thus translate into prognostic and/or predictive factors in cancer patients. Altogether, the quantification of circulating sPD-L1 may also be of use as a predictive marker of anti-PD-1 treatment outcome, helping clinicians select patients for PD-1/PD-L1-based therapy strategies. Thus, further studies with a large number of patients are required to clarify our findings.

Next, we attempted to uncover the dynamics of circulating sPD-L1 levels in glioma patients undergoing RT. It is known that RT complicates the interpretation of the immune landscape in patients. The ultimate goal of the combination of immunotherapy and RT is to achieve a long-lasting, therapy-induced immune response at all sites of disease, and the assessment of the dynamic changes in the immune system at the patient level is essential. Our group analyzed the changes in the sPD-L1 level before and following RT and found that RT significantly increased sPD-L1 expression in both patients with glioma and glioma murine model. Similarly, Hyun et al. reported that RT significantly increased sPD-L1 expression in patients with HCC (34). However, most investigations have focused only on the PD-L1 level at baseline, and data on changes in PD-L1 expression after RT are still extremely limited.

In the sub-analysis of this study, we also noticed that sPD-L1 levels were increased significantly in IDH-1 MUT patients compared with IDH-1 WT patients. To the best of our knowledge, this is the first prospective study to evaluate the sPD-L1 levels following RT in glioma patients with different IDH mutational statuses. Our finding can be explained by the fact that IDH-1 mutation could apparently improve the sensitivity of tumors to RT, and then cells in tumors killed by RT could release an abundance of sPD-L1 into the blood. However, we also found that the addition of chemotherapy or/and bevacizumab to RT did not further upregulate the increase in sPD-L1 compared with RT only. We suspect that RT as a local therapy provides sufficient damage to the tumor target, and there was probably no room to further improve treatment efficacy with the addition of chemotherapy and/or bevacizumab beyond that of RT in the primary tumor. Taken together, the sPD-L1 level increased after RT, suggesting that RT combined with immune checkpoint inhibitors might be better than RT alone for glioma patients, especially for patients with IDH-1 MUT. Further well-designed studies are needed to clarify the optimal RT scheme, dose, and time for combination.

Regarding the limitations of this study, first, this study had a limited sample size. Second, the only RT dose used was 30 ± 10 Gy; hence, we could not determine whether the sPD-L1 level will change after a larger dose of RT. Third, some patients underwent partial excision, and others underwent only biopsy, which might affect the sPD-L1 level.



Conclusion

In conclusion, this study reported that sPD-L1 can be assayed in the plasma of glioma patients. This finding may mean that compensation for the potential sequestration of antibodies needs to be considered in the optimization of PD-L1 blockade therapies. Not all administered anti-PD-L1 immunotherapeutic antibodies may reach the surface of tumor cells, with a potentially appreciable proportion being sequestered by sPD-L1 within the circulation. In addition, the baseline level of sPD-L1 might be a potential marker to predict the outcome in glioma patients, which would truly be remarkable, because predictive biomarkers that discriminate responders from non-responders at therapy initiation are scarce. Finally, the elevated level of sPD-L1 after RT suggests that the combination of RT with immune checkpoint inhibitors may be a promising therapeutic strategy in gliomas, especially for patients with IDH-1 MUT gliomas.
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Aim: The role of spindle and kinetochore-associated (SKA) genes in tumorigenesis and cancer progression has been widely studied. However, so far, the oncogenic involvement of SKA family genes in pancreatic cancer and their prognostic potential remain unknown.

Methods: Here, we carried out a meta-analysis of the differential expression of SKA genes in normal and tumor tissue. Univariate and multivariate survival analyses were done to evaluate the correlation between SKA family gene expression and pancreas ductal adenocarcinoma (PDAC) prognosis. Joint-effect and stratified survival analysis as well as nomogram analysis were used to estimate the prognostic value of genes. The underlying regulatory and biological mechanisms were identified by Gene set enrichment analysis. Interaction between SKA prognosis-related genes and immune cell infiltration was assessed using the Tumor Immune Estimation Resource tool.

Results: We find that SKA1–3 are highly expressed in PDAC tissues relative to non-cancer tissues. Survival analysis revealed that high expression of SKA1 and SKA3 independently indicate poor prognosis but they are not associated with relapse-free survival. The prognostic value of SKA1 and SKA3 was further confirmed by the nomogram, joint-effect, and stratified survival analysis. Analysis of underlying mechanisms reveals that these genes influence cancer-related signaling pathways, kinases, miRNA, and E2F family genes. Notably, prognosis-related genes are inversely correlated with several immune cells infiltrating levels.

Conclusion: We find that SKA1 and SKA3 expression correlates with prognosis and immune cell infiltration in PDAC, highlighting their potential as pancreatic cancer prognostic biomarkers.

Keywords: biomarker, spindle and kinetochore associated, prognosis, pancreatic cancer, bioinformatics analysis, immune infiltration


INTRODUCTION

Pancreatic cancer is one of the most aggressive malignancies in the world and is associated with a high rate of metastasis and mortality. Its 5-year survival rate is estimated to be 5% globally, and 11.7% in China (1–3). It is estimated that in 2018, there were 458,918 new pancreatic cancer cases and 432,242 patient deaths worldwide (4). Pancreatic cancer management is mainly by surgical resection, which is thought to improve the 5-year survival to 20–30% (5). Non-etheless, surgical resections are recommended for <20% of pancreatic cancer cases since the disease is often diagnosed at the advanced stage (5–7). Therefore, strategies for early detection and treatment of pancreatic cancer are urgently needed.

It is well-known that mitosis is a common biological process in eukaryotic cells. During mitosis, the spindle ensures that sister chromatids are correctly distributed between daughter cells (8). SKA1–3 family of genes are essential for the accurate timing of late mitosis. Spindle and kinetochore-associated (SKA) complex produced by the SKA genes maintain stability of metaphase plate or spindle checkpoint silencing (9, 10). Upregulation of SKA1 triggers nucleation of interphase microtubules, while depletion of the SKA1 complex results in abnormal mitosis (11, 12). The association between SKA1 and cancer has been widely investigated. It has been reported that SKA1 overexpression may lead to the development of pancreatic cancer in mouse models (13). SKA1 upregulation has also been observed in multiple malignancies, including gastric, oral, bladder, non-small cell lung, hepatocellular, and prostate cancer. Elevated levels of SKA1 have been shown to promote cancer cell proliferation and influence (14–20).

Given the limited treatment options for pancreas ductal adenocarcinoma (PDAC), novel biomarkers are needed to enhance treatment and prognosis. Previous reports show that SKA family genes may influence cancer treatment response and prognosis. We therefore speculated that SKA family genes might be prognostic in PDAC. To test this possibility, we used bioinformatics to investigate their expression in PDAC and how it correlates with prognosis.



MATERIALS AND METHODS


Acquisition of Public RNA-Seq and Gene Microarray Data

A schematic representation of our study outline is shown in Figure 1. Violin plots and RNA-seq data of SKA gene expression in normal tissues were obtained from Genotype-Tissue Expression (GTEx)1 (21, 22). RNA-seq raw data for 149 samples (145 PDAC tissue and 4 non-tumor pancreatic tissue) were obtained from The Cancer Genome Atlas (TCGA)2 (23). Matched clinical information of the PDAC patients was obtained from University of California Santa Cruz Xena Platform (UCSC Xena).3 RNA-seq raw data were normalized by DESeq package (24). Pancreas ductal adenocarcinoma SKA gene expression profile microarrays, normalized using limma package (25), were retrieved from Gene Expression Omnibus (GEO).4 All the expression profile data were log2-transformed before further analysis.
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FIGURE 1. Flowchart presenting the general work flow of this study.




Meta-Analysis

The following search terms were used to retrieve relevant datasets from GEO: “pancreatic cancer,” “mRNA,” and “pancreas.” The inclusion criteria for PDAC microarrays were as follows: (1) it must contain both normal and tumor samples, (2) expression profile data are available, (3) samples are all human, and (4) ≥10 samples available. A schematic of the search process is shown in Supplementary Figure 1. Details of the included microarrays are shown in Supplementary Table 1. Eleven previously published datasets were retrieved (GSE71729, GSE28735, GSE15471, GSE62165, GSE62452, GSE16515, GSE32676, GSE1542, GSE74629, GSE91035, and GSE101462) (26–35). The clinical information of GSE62452 and GSE28735 was also downloaded to explore the potential prognostic value of SKA genes. After adding the TCGA PDAC cohort, a total of 715 PDAC samples and 297 non-cancer pancreatic samples from 12 datasets were combined and meta-analysis was used to compare gene expression between PDAC and normal tissue.



Bioinformatic Analysis Using SKA Family Genes

The online tools of Gene Multiple Association Network Integration Algorithm (GeneMANIA)5 and the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING)6 were used to structure interaction networks in gene–gene and protein–protein, respectively (36–39). A co-expression matrix of SKA mRNA was constructed using the TCGA, GTEx, and GSE62452 datasets.



Survival Analysis

Kaplan–Meier (KM) survival analysis and multivariate Cox regression analysis were used to evaluate the SKA gene prognostic value. Samples in each dataset were divided into high and low expression groups based on each gene’s median expression value. Kaplan–Meier survival analysis was used to screen out clinical factors related to PDAC prognosis, and the clinical parameters with a P < 0.05 were selected into the Cox regression analysis. Next, multivariate survival analysis adjusted by prognostic-related clinical features was done. As the clinical information of GSE62452 and GSE28735 datasets was inadequate, these datasets were used to validate the prognostic value of each gene by KM survival analysis only. Afterward, to evaluate combined predictive potential on patient overall survival (OS), joint-effect survival analysis for the combination of mRNA transcriptional level and prognosis-related clinical factors was performed. Stratified survival analysis with multiple clinicopathological features was also used to evaluate the predictive value of the genes in PDAC patients.



Nomogram

All PDAC patient data from TCGA and its matched clinicopathological features were combined with prognosis-related genes to construct a nomogram. Each prognosis-related gene was classified into the high or low expression groups based on median gene expression. The nomogram can calculate the total score of each patient based on existing information and predict survival probability. In addition, the nomogram can evaluate how each parameter affects the probability of survival.



Prognostic Value Evaluation and Clinical Relevance of SKA1 and SKA3

Area under the curve (AUC) of the receiver operating characteristic (ROC) curve was done to assess the accuracy of prognostic-related genes in predicting patient survival using survivalROC package. We compared the correlation between expression of prognosis-related genes and clinicopathology features of PDAC using the datasets with adequate clinical information.



Potential Mechanism and Regulatory Factors of Genes

Samples from TCGA were divided into two categories according to median expression values of prognosis-related SKA genes. Gene set enrichment analysis (GSEA)7 was then done to explore potential biological mechanisms (40, 41). Gene sets of Kyoto Encyclopedia of Genes and Genomes (KEGG) (c2.all.v6.2.symbols.gmt) and gene ontology (GO) (c5.all.v6.2.symbols.gmt) were used in this study (42, 43). The criteria for statistically significance were a nominal P value < 0.05 and FDR < 0.25. (44). Next, kinase–target, transcription factor–target, and miRNA network enrichment analyses were done on the LinkedOmics database8 online tool (45). The top five outcomes from each gene set are shown.



Analysis of Genomic Alterations and Methylation Level of Prognosis-Related Genes

To elucidate the potential regulatory mechanism of gene expression, gene mutations, and copy number variations (CNVs), data were accessed on cBioportal.9 The calculation method of CNVs was Genomic Identification of Significant Targets in Cancer 2.0 (GISTIC2) (46). Next, DNA methylation data for the genes with matched RNA-seq expression profile (log2(count + 1)) were accessed from UCSC Xena and analyzed by Infinium Human Methylation 450 BeadChip. The methylation assessment for the genes was expressed as β-values. Correlation analysis and KM survival analysis were used to explore potential methylation sites regulating gene expression.



Exploration of Tumor Immune Infiltration

RNA-seq data were analyzed using ESTIMATE (estimation of stromal and immune cells in malignant tumor tissues using expression data)10 algorithm to calculate cellular component in tumor tissues and estimate tumor microenvironment (TME) scores for stromal and immune cells (47). The immune cells analyzed to assess tumor immunity are B cells, CD4+ T cells, CD8+ T cells, dendritic cells (DCs), neutrophils, and macrophages. Tumor Immune Estimation Resource (TIMER)11 was then used to evaluate infiltration by the immune cells (48). Next, the correlation between immune cell infiltration and prognosis-related gene expression in PDAC was evaluated.



Statistical Analysis

Stata (version 12.0) was used to plot forest plots and summary ROC (sROC) curve of the meta-analysis. The standard mean difference (SMD) and 95% confidence interval (CI) were used to identify differentially expressed SKA genes in cancer and non-cancer tissues. Summary ROC was used to evaluate the capacity of genes to discriminate between cancer and non-cancer tissues. All statistical analysis was carried out on SPSS (version 22.0). Survival differences were identified by hazard ratio (HR) and 95% CI. Two or multiple groups of continuous variables were compared by Student t test and one-way ANOVA, respectively. All the correlation analysis method used Spearman’s correlation. P value < 0.05 was considered statistically significant.



RESULTS


Expression Level Distribution and Meta-Analysis of SKA1–3

Relative to other human normal organ tissues, SKA1–3 expression was lower in pancreatic tissues in GTEx (Supplementary Figures 2A–C). To obtain stability results of differential expression analysis of SKA genes between PDAC tissues and non-tumor tissues, we integrated multiple datasets for meta-analysis. This analysis showed that SKA1–3 expression is higher in PDAC tissue relative to non-tumor pancreatic tissue [SKA1: SMD = 0.35 (0.20–0.50), I2 = 0.0%, Figure 2A; SKA2: SMD = 0.64 (0.32–0.96), I2 = 74.1%, Figure 2C; SKA3: SMD = 0.70 (0.31-1.09), I2 = 82.6%, Figure 2E]. The AUCs of the sROC of SKA1, SKA2, and SKA3 as calculated by diagnostic meta-analysis were 0.69, 0.77, and 0.78, respectively (Figures 2B,D,F). Heterogeneity for meta-analysis of SKA2 and SKA3 was significantly derived from GSE74629 and GSE15471, respectively, whereas no heterogeneity existed in the comprehensive analysis of SKA1.
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FIGURE 2. Meta-analysis of 12 datasets of pancreatic cancer. (A) Forest plot showing SKA1 expression difference. (B) sROC curve of SKA1. (C) Forest plot showing SKA2 expression difference. (D) sROC curve of SKA2. (E) Forest plot showing SKA3 expression difference. (F) sROC curve of SKA3.




Bioinformatics Analysis

Gene and protein interaction analysis SKA1–3 using GeneMANIA and STRING, respectively, revealed a significant degree interaction, as well as protein homology (Figures 3A,B). Furthermore, there existed strong co-expression of SKA genes not only in the normal dataset of GTEx but also in tumor datasets of TCGA and GSE62452 (Figures 3C–E), especially the correlation between SKA1 and SKA3 (r = 0.62, 0.6, and 0.69).
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FIGURE 3. Interaction networks and co-expression matrix of spindle and kinetochore associated genes. (A) Gene–gene interaction network created using the Gene Multiple Association Network Integration Algorithm (GeneMANIA). (B) Protein–protein interaction network created using the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING). (C–E) Co-expression matrix of SKA genes in TCGA, GTEx, and GSE62452 datasets.




Survival Analysis

We first analyzed TCGA dataset and removed a case lacking the survival time so that 145 eligible PDAC patients were enrolled at last. After performing KM survival analysis with the clinicopathological indicators of PDAC, the P value less than 0.05 clinical features including radical resection, radiation therapy, and targeted molecular therapy were selected out, which were further involved in the Cox regression analysis for adjustment (Table 1). Then, the KM method was also used for SKA1–3 gene survival analysis, indicating that all the genes were significantly associated with prognosis in PDAC patients except for SKA2, and high expression suggest a shorter survival time (Figures 4A–C). The median survival time (MST) for low and high expression groups of SKA genes were SKA1 (695 vs 485 days), SKA2 (568 vs 518 days), and SKA3 (698 vs 485 days) (Table 2). Similarly, the Cox regression analysis outcomes showed that SKA1 (adjusted P = 0.04; adjusted HR = 1.656, 95% CI: 1.024–2.677) was an independent prognostic factor for PDAC patients as well as in SKA3 (adjusted P = 0.034; adjusted HR = 1.688, 95% CI: 1.040–2.742), while it was not with SKA2 (adjusted P = 0.837; adjusted HR = 0.952, 95% CI: 0.592–1.529). Survival analysis from GEO datasets of GSE62452 and GSE28735 showed that high expression of SKA1 and SKA3 was significantly correlated with a poor OS, except for SKA1 in GSE28735 due to the limited sample (Figures 4D–I). To estimate the role of SKA genes in recurrence of PDAC, relapse-free survival (RFS) time was used to structure the KM curve, which suggests that the high expression group of SKA1 or SKA3 was not associated with the recurrence rate of PDAC compared with the low expression group. (Figures 4J–L).


TABLE 1. Clinical characteristics of pancreatic ductal adenocarcinoma patients.
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FIGURE 4. Kaplan-Meier survival curves showing the association of spindle and kinetochore related genes with the overall survival and relapse-free survival of pancreatic ductal adenocarcinoma patients from TCGA and GEO datasets. Overall survival in TCGA: (A) SKA1; (B) SKA2; (C) SKA3; Overall survival in GEO62452: (D) SKA1; (E) SKA2; (F) SKA3; Overall survival in GEO28735: (G) SKA1; (H) SKA2; (I) SKA3; Relapse-free survival in TCGA stratified by (J) SKA1; (K) SKA2; (L) SKA3.



TABLE 2. Prognostic value of single and combined of spindle and kinetochore-associated genes expression in pancreatic ductal adenocarcinoma patient OS from TCGA.

[image: Table 2]
We further explored the effect of the gene combination on the prognosis of patients and divided samples into three groups. KM survival curves showed that group 3 (MST: 394 days) with high expression of SKA1 and SKA3 genes had the worst prognosis, while group 1 (MST: 695 days) with low expression of the two genes had the best prognosis, suggesting that their high expression represents a high risk of death (Table 2 and Figure 5A). The combination of SKA1 or SKA3 with prognosis-related clinical characteristics can better show the difference in PDAC prognosis, which improved the predictive performance for prognosis (Figures 5B–I and Tables 3, 4).
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FIGURE 5. Joint-effect survival analysis for overall survival of patients with pancreatic ductal adenocarcinoma. (A) Combination of SKA1 and SKA3. Combination of SKA1 and prognosis-related clinical factors: (B) histologic grade; (C) radiation therapy; (D) targeted molecular therapy; (E) radical resection. Combination of SKA3 and prognosis-related clinical factors: (F) histologic grade; (G) radiation therapy; (H) targeted molecular therapy; (I) radical resection.



TABLE 3. Joint-effect survival analysis of SKA1 expression and clinical variables in pancreatic ductal adenocarcinoma patient overall survival.
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TABLE 4. Joint-effect survival analysis of SKA3 expression and clinical variables in pancreatic ductal adenocarcinoma patient overall survival.

[image: Table 4]
Stratified analysis with various clinical pathological parameters was adjusted by targeted molecular therapy, radiation therapy, and residual resection. High expression of SKA1 suggested a poor survival time in patients with an age of <60 [HR (95% CI): 21.674 (2.002–14.599)] and non-radical resection [HR (95% CI): 3.213 (1.284–8.037)], and similarly, poor prognosis was significantly correlated with high expression of SKA3 in patients with G3 [HR (95% CI): 2.810 (1.132–6.975)], no radiation therapy [HR (95% CI): 1.978 (1.150–3.402)], alcohol history [HR (95% CI): 3.924 (1.940–7.937)], age of < 60 [HR (95% CI): 5.050 (1.308–19.490)], non-radical resection [HR (95% CI): 3.275(1.384–7.958)], and male [HR (95% CI): 2.161 (1.083–4.321)] (Figures 6A,B).
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FIGURE 6. The relationship of spindle and kinetochore-associated genes with the clinical information. (A,B) Stratified survival analysis of SKA1 and SKA3 in various clinicopathological parameters. (C) A prognostic nomogram based on SKA1 and SKA3 for predicting the 1-, 2-, and 3-year overall survival rate of patients with pancreatic ductal adenocarcinoma. HR, hazard ratio; CI, confidence interval; L/L: SKA1low + SKA3low; L/H: SKA1low + SKA3high; H/L: SKA1high + SKA3low; H/H: SKA1high + SKA3high.




Nomogram

Patients were grouped into three categories as mentioned previously, and patient mRNA expression data with matched clinical features were used to build a nomogram. Each variable had a score that was denoted by a line length. The higher the score, the greater the effect of the gene on prognosis. This analysis reveals that that mRNA expression of SKA1 and SKA3 can significantly affect patient survival (Figure 6C).



Prognostic Value and Clinical Relevance of Prognosis-Related Genes

In TCGA cohort, the time-dependent ROC curve of SKA1 (1, 2, and 3 years: 0.645, 0.558, and 0.544) and SKA3 (1, 2, and 3 years: 0.637, 0.603, and 0.564) at 1-, 2-, and 3-year survival were medium as shown in Figures 7A,B. The time-dependent ROC curve produced from the GSE62452 dataset showed that SKA1 (1, 2, and 3 years: 0.523, 0.675, and 0.805) and SKA3 (1, 2, and 3 years: 0.614, 0.795, and 0.844) were effective predictors of 3-year PDAC survival (Figures 7C,D). Next, SKA1 and SKA3 expression scatter plots, survival status scatter diagrams, and expression heat maps were used to visualize the genes’ prognostic value. This analysis revealed that increased SKA expression levels correlated with reduced survival time (Figure 7E).


[image: image]

FIGURE 7. Analysis of the prognostic value and clinical relevance of SKA1 and SKA3 in pancreatic ductal adenocarcinoma patients. (A–D) Time-dependent receiver operating characteristic (ROC) curves of SKA1 and SKA3 showing the 1-, 2-, and 3-year overall survival rate of patients with PDAC from TCGA and GSE62452 datasets. (E) From top to bottom are the expression values of SKA1, patients’ survival status distribution, and the expression heat map of SKA1 in the low- and high-expression groups. The expression distribution of SKA1 and SKA2 genes in different (F,G) AJCC stages and (J,K) grades in TCGA and GSE62452 datasets. (H,I) The expression distribution of SKA1 and SKA2 genes in different pathological T grade and cancer status in TCGA cohort. *p < 0.05, **p < 0.01, ***p < 0.001.


Subsequently, we evaluated correlation between prognosis-related genes and clinicopathological parameters. Analysis of the GSE62452 dataset revealed SKA1 upregulation in stage II patients relative to stage I patients (Figures 7F,G). In terms of histologic grade, analysis of the GSE62452 dataset showed that SKA1 and SKA3 expression were significantly higher in G3/G4 PDAC relative to G1/G2 disease stage and SKA1 and SKA3 only showed an upregulated trend in G3 samples in TCGA (Figures 7H,I). Moreover, relative to tumor-free survival patients, tumor-bearing patients significantly expressed high levels of SKA1 and SKA3 (Figure 7J) and both of them did not corelate with advanced pathological T (T3/4) (Figure 7K).



Gene Enrichment Analysis

Gene set enrichment analysis analysis of the potential mechanism by which prognosis-related genes influence PDAC revealed that in the high SKA1 expression group, there was significant enrichment for cell cycle-related biological processes (GO: cell division, cell cycle checkpoint, and cell cycle phase transition, Figures 8A–C) and tumor-related signaling pathways (KEGG: cell cycle, P53 signaling pathway, and DNA replication, Figures 8D–I). GO term analysis of the high SKA3 expression group revealed enrichment for processes involved in negative regulation of T cell proliferation and positive regulation of the WNT pathway (Figures 8J,K). KEGG annotation showed the high SKA3 expression group participated in tumor-related signaling pathways (pancreatic cancer, pathways in cancer, toll-like receptor pathway, and adherens junction) (Figures 8L–O). The enrichment results of network analyses on the LinkedOmics database indicated that SKA1 and SKA3 are mainly regulated by the same transcription factors (V$E2F1_Q6, V$E2F_Q4, V$E2F_Q6, V$E2F_Q4_01), networks, and kinases, including cyclin-dependent kinase 1 (CDK1), polo-like kinase 1 (PLK1), cyclin-dependent kinase 2 (CDK2), and aurora B kinase (AURKB). The miRNA-target network for SKA1 was related to MIR-185, MIR-512-3p, MIR-507, MIR-218, and MIR-96, while SKA3 was associated with MIR-507, MIR-119A, MIR-513, MIR-338, and MIR-137 (Table 5).
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FIGURE 8. Gene set enrichment analysis of SKA1 and SKA3 in TCGA dataset. (A–C, J, K) GSEA results of C5 gene sets for high SKA1 and SKA3 expression groups; (D–I, L–O) GSEA results of C2 gene sets for high SKA1 and SKA3 expression groups; NES, normalized enrichment score; FDR, false discovery rate.



TABLE 5. The kinase and transcription factor-target networks of SKA1 and SKA3 in TCGA dataset (LinkedOmics).
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Genomic Alterations and DNA Methylation Level of Prognosis-Related Genes

Analysis of SKA gene mutation in the 153 PDAC patients showed that 12 (7%) of them were mutation carriers (Figure 9A). Furthermore, box plot analysis of CNV data from the PDAC patients revealed that increased copy number of the genes poorly correlates with higher expression of prognosis-related genes (Figures 9B,C). First, We found poor correlation between DNA methylation and gene expression in pure PDAC (data not show). Next, we explored whether DNA methylation status influenced gene expression in 185 pancreatic cancer samples by analyzing 11 and 15 CpG sites in the SKA1 and SKA3 DNA locus, respectively. Five of the 11 sites in the SKA1 DNA locus had high methylation with β values > 0.6, while two sites (cg18558188: β ± SD = 0.84 ± 0.04, | r| = 0.254; cg18742986: β ± SD = 0.89 ± 0.06, | r| = 0.19) exhibited significant negative correlation with gene expression, indicating that DNA methylation may regulate SKA1 expression (Figure 9D). When samples were divided into two groups based on median methylation level, loci cg18558188 and cg18742986 methylation were not associated with PDAC OS, while higher total CpG methylation levels of SKA1 correlated with improved patient survival (Supplementary Figures 3A–C). All SKA3 CpG sites exhibited very low methylation (β-value < 0.4) and were not explored further (Figure 9E).
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FIGURE 9. Genomic alterations and DNA methylation level of spindle and kinetochore-associated genes. (A) OncoPrint of SKA1–3 alterations in TCGA cohort. Different types of genetic alterations shown in different colors. (B,C) SKA1 and SKA3 expression in different CNV groups. Data were obtained from the cBioportal (https://www.cbioportal.org/). (D,E) Two heatmaps showing the methylation profile of 11 CpG sites in SKA1 DNA locus and 15 CpG sites in SKA3 DNA locus. Data were obtained from UCSC Xena (http://xena.ucsc.edu/) using Infinium HumanMethylation450 BeadChip.




Prognosis-Related Genes Correlated With Tumor Immune Microenvironment and Key Gene Mutations

GSEA revealed that SKA3 modulates T cell activity. Next, we explored relationship between prognosis-related genes and tumor immunity, including immune cell infiltration and immune scores. Results from TIMER analysis show that CD8+ T cells, CD4+ T cells, and macrophages exhibit a significant negative correlation with SKA1 mRNA expression and its CNVs significantly impact immune cell infiltration levels (Figures 10A,B). In particular, SKA3 expression significantly exhibits a strongly negative correlation with all immune cell infiltration levels except for B cell. Infiltration of natural killer (NK) cells is not related to SKA gene expression (Supplementary Figures 4A–D). Additionally, infiltration levels for B cell and CD4+ T cell can be affected by SKA3 CNVs (Figures 10C,D). Then, scatter plot analysis was used to visualize the distribution of CD4+ T and CD8+ T cell between the groups expressing high and low levels of prognosis-related genes. This analysis revealed that CD8+ T cells were significantly fewer in the high expression group, but no difference in CD4+ T cell distribution was observed between the groups (Figures 10E,F). So, we speculated that high expression levels of SKA1 and SKA3, to some extent, may mediate tumor escape and inhibit the infiltration levels of immune cells. To test this possibility, we calculated the tumor immune scores using the RNA-seq data from the TCGA cohort. Consistently, immune score negatively correlated with SKA3 expression but did not correlate with SKA1 expression, indicating that SKA3 has a great influence on immune cell infiltration in PDAC tissues (Figure 10G). Tumor cells have the capacity to evade clearance by macrophages through the upregulation of antiphagocytic surface proteins including cluster of differentiation 47 (CD47), programed death-ligand 1 (PD-L1), programed cell death protein 1 (PD1), cytotoxic T-lymphocyte-associated protein 4 (CTLA4), and beta-2-microglobulin (B2M) (49–52). We explored whether SKA1 and SKA3 had correlation with these antiphagocytic molecules. SKA1 and SKA3 were positively correlated with the expression of CD47, PD-L1, and B2M in TCGA dataset, respectively. Similar results were displayed in the GSE625452 dataset (Supplementary Table 2). These results may explain why high expression of SKA1 and SKA3 could result in reduced infiltration levels of immune cells in PDAC. Mutation analysis revealed that high SKA1 expression highly correlates with the KRAS mutation group but not with TP53 mutations. High SKA3 expression in the KRAS and TP53 mutant groups was significantly associated with the mutant type (Figures 10H,I).


[image: image]

FIGURE 10. The impact of SKA1 and SKA3 gene expression and mutation on tumor immunity. (A) SKA1 expression showed significant negative correlation with infiltration levels of CD8+ T cells and macrophages. (B) SKA1 CNV influenced the infiltration levels of all the immune cells. (C) SKA3 expression showed significant negative correlation with infiltration levels of CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells. (D) Changes in SKA3 CNV altered infiltration levels of B cells and CD4+ T cells. (E–G) Infiltration level of CD4+ T and CD8+ T cell and distribution of immune scores in high expression and low expression groups of SKA1 and SK A3 in TCGA datasets. Immune scores were calculated using the ESTIMATE algorithm. (H,I) The expression distribution of SKA1 and SKA3 genes in different mutation status of TP53 and KRAS in TCGA dataset. *p < 0.05, **p < 0.01, ***p < 0.001.




DISCUSSION

In this study, we combined PDAC cohorts’ data from GEO and TCGA and used bioinformatics to evaluate the potential prognostic value of SKA genes in PDAC. Our meta-analysis found that all SKA genes are significantly upregulated in PDAC and exhibited medium diagnostic value for PDAC. Survival analysis showed that overexpression of SKA1 and SKA3 is associated with poor prognosis. The prognostic value of the two genes was further studied by ROC, joint-effect, and stratified analysis among other strategies. Our data highlight SKA1 and SKA3 as potential therapeutic targets against PDAC. Additionally, we explored the potential mechanisms regulating SKA1 and SKA3 expression and found that DNA methylation may influence SKA1 expression and patients’ OS. Possible mechanisms include cancer- and immune-related pathways, and potential regulators include cancer-related kinases, miRNA, and the E2F family. Finally, we explored the association between prognosis-related genes and tumor immune microenvironment.

Biochemically, SKA1 is known to directly bind microtubules through its C-terminal domain to stimulate oligomerization (11, 53). Spindle and kinetochore-associated complex deficiency is associated with chromosome congression failure and cell death (54–56). Multiple studies have reported that SKA1 promotes cancer progression in a variety of tumors (13, 19, 57–61). An in vitro study found that SKA1 accelerates cell proliferation and cancer progression in glioma via tumor-associated signaling pathways, including cell cycle and Wnt/β-catenin signaling (62). An immunohistochemical study of 126 hepatocellular carcinoma patients revealed that SKA1 expression is significantly elevated in tumor tissues, and it can regulate the hepatocellular carcinoma cell cycle and contributes to poor prognosis (63). Qin et al. used targeted small interfering RNA to knockdown SKA1 and observed hepatocellular carcinoma cell cycle arrest in the G0/G1 phase (17). Besides, SKA1 has been reported to contribute to chemotherapy resistance in lung carcinoma through prevention of cisplatin-induced apoptosis (19). Here, we find that high SKA1 expression predicts poor PDAC prognosis and participates in cell cycle, cell cycle checkpoint, P53 signaling pathway, and DNA replication, processes that significantly correlate with cancer progression (64–67). Our data also associated high SKA1 expression with advanced cancer phenotypes such as stage II, G3 + G4, and patients survived with tumor. SKA2, a novel cell cycle gene, has been proposed as a biomarker and therapeutic target against cancer (68). It has been reported that suppressed SKA2 expression triggers kinetochore fiber instability, leading to mitotic failure (9). A study by Ren et al. found that SKA2 overexpression induces epithelial–mesenchymal transition in breast cancer, promoting cell invasion and metastasis (69). SKA2 also influences proliferation, migration, and invasive capacity of gastric and lung cancer cells (70, 71). While SKA2 was also highly expressed in our study, no correlation was found with PDAC prognosis. A probable reason for this may be inter-tumor heterogeneity, which requires additional investigation. SKA3 mediates appropriate mitotic exit by interacting with the NDC80 complex, which regulates meiotic spindle migration and anaphase spindle stability (55, 72, 73). SKA3 upregulation in lung adenocarcinoma cells correlates with increased metastases and tumor growth (74). Similarly, it has been reported that high SKA3 expression promotes lung cancer cell proliferation and predicts patient outcomes. Through bioinformatics analysis, Tang et al. found that SKA3 is associated with elevated susceptibility to breast cancer brain metastasis and negatively correlates with breast cancer survival (75). Our data further validate the correlation between high SKA3 expression and advanced clinical features of G3/G4. Our findings show that SKA3 may be involved in Wnt signaling, pancreatic cancer, pathways in cancer, toll-like receptor signaling pathway, and adherens junction, which are known to play a crucial role in tumor progression (76–78).

Kinases regulate various processes such as genomic stability, mitosis, and the cell cycle. CDK1, a member of the cyclin-dependent kinase protein family, participates in mitosis, cell cycle, cell differentiation, and somatic reprograming (79). Previous investigators have shown that dysregulation of CDK1 leads to G2 phase arrest and promotes tumor progression, making it an ideal biomarker and therapeutic target (80, 81). CDK1 binds Ndc80, thereby phosphorylating SKA3 and recruiting SKA to kinetochores to facilitate mitotic progression (82). Another study by Hou et al. showed that SKA3 interacted with CDK2 and inhibited P53 phosphorylation, thereby regulating proliferation of liver cancer cell (83). PLK1, a tumorigenic factor, is a mitotic cyclin-independent serine threonine kinase that has been proposed as a potential therapeutic target for pancreatic cancer (84, 85). Another kinase, AURKA, participates in pancreatic carcinogenesis via the MAPK1/ERK2 signaling pathway (86). The same regulatory network of kinases (CDK1, CDK2, PLK1, and AURKA) was identified in our study as potential regulators of SKA1 and SKA3 in PDAC. The E2F family is part of the transcription factors that regulate gene expression. It participates in the cell cycle process, and activated E2F initiates oncogenic signaling in several cancer types (87, 88). Several approaches have been developed to directly or indirectly target E2F1 with the aim of modifying malignant phenotypes of PDAC (89–92). Herein, E2F1 was found to work with SKA1 and SKA3 to jointly regulate cell cycle and aggravate PDAC. MicroRNA, an endogenous small RNA with a length of about 20–24 nucleotides, has been implicated in human carcinogenesis (93). The miRNAs identified in our study have been associated with deteriorated neoplastic malignant phenotype such as proliferation, cell cycle, invasion, drug resistance, and angiogenesis (94–98). In fact, miR-185, miR-96, miR-218, miR-137, and miR-338 have been proven to exhibit therapeutic and prognostic value in PDAC, indicating that the SKA gene may be one of the target genes for these miRNAs (99–103).

A research team found that genomic alteration is a common phenomenon in human tumors (104). Copy number variations, induced by genomic rearrangement, disrupt genes and alter genetic content, causing different phenotypes. In this study, CNVs of SKA1 and SKA3 were found to be weakly correlated with gene expression. DNA methylation is a crucial epigenetic mechanism, which maintains genome stability, chromatin structure, and pluripotency in human cells. Changes in DNA methylation levels often accompany neoplasm development (105, 106). The role of DNA methylation in SKA genes has not been investigated. In this preliminary study, we found that two sites in SKA1 were significantly involved with gene expression. High total DNA methylation level of SKA1 predicts favorable prognosis in PDAC. We thus hypothesize that DNA methylation may be an important regulatory mechanism for SKA1 that influences the OS of patients with PDAC. However, no DNA methylation sites were found to regulate SKA3 gene expression, which may need more work to test it.

In recent years, immunotherapy has shown great promise for cancer patients, especially those with refractory cancer. The complexity of immune cells in tumor tissue influences the host biological behavior and the outcome of immunotherapy (107). The TME, composed of non-cancerous cells in and around the tumor, also performed an important role in the genomic analysis of various tumors (108). CD8+ cytotoxic T lymphocytes (CTLs) can specifically recognize major histocompatibility complex (MHC) antigens, which are widely used in targeted therapy (109). A pioneer study revealed that infiltration of CD4+/CD8+ T cells correlated with good prognosis in PDAC (110). Likewise, a study by Masugi et al. (111) measured densities of CD8+ T cells in different locations of tumor. They found that high CD8+ T cell density was significantly associated with prolonged survival of 214 patients with pancreatic cancer (111). Wu et al. also reported that the low infiltration level of CD4+ T lymphocytes was associated with poor prognosis of pancreatic cancer patients (112). GSEA suggested that SKA3 negatively regulated T cells. Thus, we assessed the association between immune cell infiltration and SKA prognosis-related genes in PDAC. Results showed that SKA1 was negatively correlated with CD8+ T cell and macrophages, and the infiltration level of CD8+ T cells was significantly lower in the high SKA1 expression group, indicating an immunosuppressive state. Similarly, the abundance of CD4+ T cells, CD8+ T cells, and macrophages was decreased in the SKA3 high expression group. There is a widespread belief that CD4+ T cells compromise the majority of T cells in pancreatic cancer and are positively associated with tumor metastasis and negatively associated with OS (113). Some subsets of CD4+ T cells may also be needed for antitumor immunity. CD4+ helper T cells may promote and maintain CTL memory, amplify T and B cells, and help CTL resist negative regulation (114). CD4+ T lymphocytes may inhibit tumor cell growth by cytolysis or by regulating the TME (115). More detailed studies are necessary to illustrate the specific role of each CD4+ T lymphocyte subset in pancreatic cancer. Macrophages, participating in the production, mobilization, activation, and regulation of immune effector cells, have at least three major functions: antigen presentation, phagocytosis, and immunomodulation (116). Cytokines such as IL-1, IL-6, TNF-α, interferon (IFN)-α/β, IL-10, IL-12, and IL-18 released from macrophages could participate in the regulation of immune/inflammatory responses. IL-12 stimulates proliferation of activated T and NK cells, enhances NK and lytic activity of CTLs, and induces IFN-γ production by T and NK cells. In addition, they produce chemokines that stimulate lymphocyte movement and regulation of migration lymphocytes from the blood to tissues (117). Similarly to macrophages, DCs have long been established as indispensable antigen-presenting cells (APCs), which act as systemic sentinels capable of responding to endogenous and exogenous “danger” signals to initiate and propagate immune responses to inciting antigens or induce immune tolerance (118, 119). On sensing of appropriate cues, DCs mature and express chemokine receptors and costimulatory molecules under normal conditions. DCs promote immunity or tolerance by sampling and presenting antigens to T cells and by providing immunomodulatory signals through cell–cell contacts and cytokines (120, 121). DCs are often associated with superior cross-presentation of antigens, which results in stronger CD8+ T cell immunity, and DCs can additionally support T helper 1 cell polarization of CD4+ T cells (122, 123). In tumor patients, DCs acquire, process, and present tumor-associated antigens on MHC molecules and provide costimulation and soluble factors to shape T cell responses. However, a number of active mechanisms in the TME perturb DC functions, resulting in insufficient T cell activation and, potentially, the induction of T cell tolerance to tumor-associated antigens (119). Lymphocytes and macrophages decreased significantly in patients with high expression of SKA1 and/or SKA3 in this study, leading to reduction of activation of immune cells, including CD8+ T and CD4 + T cells and NK and lytic activity of CTLs, suggesting that they might have an immune-excluded phenotype where CD4+ T/CD8+ T cells were maintained in the stroma, restricting cancer immunity. Interestingly, the infiltration of cytotoxic CD8+ T cells might be modified by immunotherapy. The above mechanism may be potentially responsible for short-term survival in PDAC patients correlates with increased SKA1 and/or SKA3 expresses. Analysis of immune scores in TME yielded similar outcomes as those of immune infiltration. In addition, SKA1 and SKA3 were positively correlated with the expression of antiphagocytic-related genes (CD47, PD-L1, and B2M). In general, these findings indicate that SKA1 and SKA3 play a significant role in the recruitment and regulation of immune-infiltrating cells in PDAC, which may eventually influence patients’ survival time. Thus, we hypothesized that patients with high expression of SKA1 or SKA3 might benefit from immunotherapy than those with low expression. Further research is required to address this hypothesis.

Finally, some limitations exist in this study. First, this study was performed using retrospectively collected data, which may contain selection bias and recall bias. Secondly, our results are based on bioinformatics analysis and thus underlying biological mechanisms remain undefined. Thirdly, the protein expression levels of SKA1 and SKA3 and their involvement in the pathogenesis and progression of PDAC deserve further studies. Despite these limitations, this is the first study to reveal the potential correlation between SKA genes and PDAC tumor immune escape and comprehensively explore the prognostic value of SKA genes in patients with pancreatic cancer. Our results may be informative for future research and clinical management of PDAC patients. Despite these limitations, this is the first study to reveal the association of SKA genes with immune function regulation of PDAC patients. There have been no reports demonstrating that SKA genes could regulate the immune infiltration of PDAC.

Collectively, high expression of SKA1 and SKA3 predicts poor prognosis of PDAC and may therefore be potential biomarkers for this disease. These genes could regulate cancer-related signaling pathways and inhibit immune infiltration within the tumor in PDAC. Further prospective studies are required to verify these molecular mechanisms.
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Background

Breast cancer heterogeneity is an essential element that plays a role in the therapy response variability and the patient’s outcome. This highlights the need for more precise subtyping methods that focus not only on tumor cells but also investigate the profile of stromal cells as well as immune cells.



Objectives

To mine publicly available transcriptomic breast cancer datasets and reanalyze their transcriptomic profiling using unsupervised clustering in order to identify novel subsets in molecular subtypes of breast cancer, then explore the stromal and immune cells profile in each subset using bioinformatics and systems immunology approaches.



Materials and Methods

Transcriptomic data from 1,084 breast cancer patients obtained from The Cancer Genome Atlas (TCGA) database were extracted and subjected to unsupervised clustering using a recently described, multi-step algorithm called Iterative Clustering and Guide-gene Selection (ICGS). For each cluster, the stromal and immune profile was investigated using ESTIMATE and CIBERSORT analytical tool. Clinical outcomes and differentially expressed genes of the characterized clusters were identified and validated in silico and in vitro in a cohort of 80 breast cancer samples by immunohistochemistry.



Results

Seven unique sub-clusters showed distinct molecular and clinical profiles between the well-known breast cancer subtypes. Those unsupervised clusters identified more homogenous subgroups in each of the classical subtypes with a different prognostic profile. Immune profiling of the identified clusters showed that while the classically activated macrophages (M1) are correlated with the more aggressive basal-like breast cancer subtype, the alternatively activated macrophages (M2) showed a higher level of infiltration in luminal A and luminal B subtypes. Indeed, patients with higher levels of M1 expression showed less advanced disease and better patient outcomes presented as prolonged overall survival. Moreover, the M1 high basal-like breast cancer group showed a higher expression of interferon-gamma induced chemokines and guanylate-binding proteins (GBPs) involved in immunity against microbes.



Conclusion

Adding immune profiling using transcriptomic data can add precision for diagnosis and prognosis and can cluster patients according to the available modalities of therapy in a more personalized approach.
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Introduction

Breast cancer is one of the most common malignancies and accounts for most of the cancer-related deaths in women (1). Despite the significant advances in the diagnosis and the management of this disease, 20%–30% of patients with the early disease might end up with distant metastasis (2–4), which has no cure and is associated with poor prognosis (5). This is attributed to the disease heterogeneity and diversity at the molecular level, which play a role in the variability of clinical presentation and response to the standard treatment regimens (6).

Recently, technical developments in the transcriptomic and genomic profiling of tumors have improved our classification methods of breast cancer from the traditional clinicopathological classification into better and more distinct biological subtypes that showed distinct prognostic and therapeutic features (7–9). This includes luminal A, luminal B, HER-2 enriched, basal-like, and normal-like breast cancer (10). The adoption of such classification methods had led to significant improvement in patients’ stratification, drug selection, and outcome prediction. However, substantial heterogeneity is still observed within those groups in both genomic profiles and patient outcomes leading to unsatisfactory clinical results in many of the clinical trials (11).

One of the reasons proposed for the poor outcome is the fact that most of the classifications and analyses are focused on the tumor epithelial cells without deep investigation of the stromal microenvironment and its interaction with the malignant cells (12). In the past decades, efforts were made to investigate the molecular characterization of the tumor microenvironment (TME) and their role in modulating breast cancer cells’ behavior (13). Recently, tumor immune microenvironment (TIME) emerged as an essential factor that might explain the heterogeneity in breast cancer subtypes and their effect on prognosis and response to therapy (14).

The Cancer Genome Atlas (TCGA) Pan-Cancer studies investigating the immune cell subtypes in many malignancies revealed the inter and intra-cellular heterogeneity of the immune profile in breast cancer (15, 16). Similarly, the different breast cancer molecular subtypes showed a differential immune cell profile (17). Surprisingly, luminal A breast cancer subtype showed the most significant heterogeneity in their immune profile among the different breast cancers subtypes (15). Besides, the classification of luminal breast cancer according to the expression of immune-related genes showed better discrimination ability and prognostic stratification compared to the standard luminal A/B classification (18). Moreover, a comprehensive study was done by Lehmann et al, 2011 to investigate triple-negative breast cancer (TNBC) heterogeneity to identify clinically relevant subgroups that might provide the base of preclinical platforms for the development of more precise targeted therapeutic approaches. This study led to the discovery of six TNBC subtypes with distinct genomic, molecular, and biological features. These include two basal-like subgroups (BL1 and BL2), a luminal androgen receptor (LAR), a mesenchymal (M), a mesenchymal stem-like (MSL), and an immunomodulatory (IM) subgroup. Indeed, this report highlighted that IM subtype was highly enriched with immune cell signaling raising the query whether this enrichment is unique to the malignant cells or attributed to the stromal components including immune cell infiltrate (19). A subsequent report from the same group further refines TNBC molecular subtypes into only 4 tumor-specific subtypes and confirms that the IM and MSL subtypes were attributed to tumor-associated stromal cells as well as infiltrating lymphocytes (20).

All these together highlight the need for an integrated approach to stratify patients, taking into consideration the tumor cells’ characteristics as well as the TME, including the immune profile and stromal cells.

A recently described multi-step algorithm; Iterative Clustering and Guide-gene Selection (ICGS) identifies cell clusters through a five-step process: 1) PageRank-Down-sampling, 2) feature selection-ICGS2, 3) dimension reduction and clustering, 4) cluster refinement, and 5) cluster re-assignments using SVM (21) which showed promising results in resolving hidden cell population in complex datasets (22).

This study aims to use the publicly available transcriptomic database to stratify breast cancer into distinct molecular subtypes using unsupervised clustering, then to investigate the percentage of infiltrating immune cells and the status of their activation or polarization from their transcriptomic profile. Here, we used the unsupervised clustering methodology through ICGS to investigate breast cancer heterogeneity in 1084 breast cancer samples from TCGA (Pan-Cancer Atlas).



Materials and Methods


Breast Cancer Transcriptomics Data

The RNA seq data of 1,084 invasive breast cancer patients obtained from TCGA, Pan-Cancer Atlas, were retrieved from the cBioPortal online database “https://www.cbioportal.org/” (23). Details of the patients are listed in Supplemental Table S1.



Unsupervised Clustering

Our initial approach was to perform unsupervised clustering of those samples into distinct sub-clusters based on their expression patterns independent of their clinicopathological features or intrinsic molecular subtypes. AltAnalyze tool was used for the unsupervised clustering of samples through ICGS2 (21, 22). The new clusters were compared with the clinicopathological data or intrinsic molecular subtypes, and those clusters that matched more than 50% of a given intrinsic molecular subtype were selected further. Samples that were clustered to the same pathological subtype were filtered for further analysis. The markers identification option in AltAnalyze tool listed the top differentially expressed genes (DEGs) between the groups. Genes with 2-fold change and adjusted p-value <0.05 were selected as cutoffs. The flow chart that represents the bioinformatics methodology used is shown in Figure 1.




Figure 1 | Flow chart of the bioinformatics methodology used.





Gene Expression and Patient Outcome

We investigated the expression levels of each gene and their association with the patient outcome in TNBC samples using the publicly available Breast Cancer Gene-Expression Miner v4.0 (bc-GenExMiner v4.0) database (http://bcgenex.centregauducheau.fr/BC-GEM/GEM-Accueil.php?js=1) (24).



Estimation of Stromal and Immune Cells Content in Tumor Tissues

To estimate the microenvironment percentage, ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) R Bioconductor package was used. ESTIMATE can predict tumor purity and the presence of infiltrating stromal/immune cells in tumor tissues using gene expression data (25).



In Silico Prediction of the Immune Cell Infiltration

The raw mRNA expression of genes that are differentially expressed between the groups was used for in silico prediction of the immune cell infiltration using CIBERSORT analytical tool (26).




Patients and Methods


Patients

We used a tissue microarray of a patient cohort that consisted of 80 formalin-fixed paraffin-embedded breast cancer samples obtained from the Pathology Department, Faculty of Medicine, Alexandria University, Egypt. The clinicopathological data retrieved from the patients’ records, included age, grade, stage, therapeutic modalities, follow-up, and patient outcome. The cases were classified into the different molecular subtypes according to the hormonal receptors (ER, PR), HER-2, and Ki-67 status, in addition to CK5/6 expression, as previously described (27). Accordingly, 50 cases were classified as luminal B subtype, 20 cases as luminal A subtype, 7 cases as a basal-like triple-negative subtype, and only 3 cases as HER-2 enriched breast cancer subtype. The study was approved by the Research Ethics Committee of the Faculty of Medicine, Alexandria University, Alexandria, Egypt (approval number: 0103003).



Immunohistochemistry

The slides were initially baked for 30 min in the oven at 55°C, this was followed by immersion in xylene for deparaffinization. The slides were then immersed in a serial dilution of alcohol for rehydration. Afterward, they were incubated with hydrogen peroxide block and were stained using two primary antibodies: Anti-Frizzled 9 antibody (ab61430) and Anti-NR2E1 (ab86276) (Abcam, Cambridge, United Kingdom). The UltraVision LP Detection System HRP Polymer & DAP Plus Chromogen (Thermo Fisher Scientific, Fremont CA) was used for visualization. The immunoreactivity of FZD9 was classified according to the intensity of four categories. Cases with no immunoreactivity were scored as 0, weak intensity cases were scored as +1, moderate-intensity as +2, and strong immunoreactivity was scored as +3. For statistical purposes, 0 and +1 staining were considered negative, while +2 and +3 were considered positive. For NR2E1, the cases were classified as negative if there was no evidence of immunoreactivity and positive when a positive staining pattern was interpreted.




Results


Unsupervised Clustering of Breast Cancer Samples Revealed the Presence of Seven Breast Cancer Sub-Clusters With Distinct Clinicopathological Features

Our in-silico approach revealed the presence of seven breast cancer sub-clusters that showed distinct molecular and genetic profiles (Figure 2A). Next, we investigated their association with the well-known intrinsic breast cancer subtypes. Interestingly, our analysis revealed a variable distribution of those sub-clusters within each breast cancer subtype (Figures 2A, B). At least one cluster represents the majority of cases from each molecular subtype. For example, cluster 4 was the dominant cluster in luminal A breast cancer samples. Similarly, cluster 2 was dominant in HER-2 tumors. Interestingly, the same cluster was the dominant cluster in luminal B tumors. In contrast, cluster 7 was the predominant cluster in the basal-like breast cancer subtype. The luminal A subgroup was the most heterogeneous with 45% of cases falling into cluster 4, 19.8% in cluster 3, 18.2% in cluster 5, and 8.8% falling into cluster 6. In comparison, the basal-like subgroup showed the least heterogeneity with samples falling mainly in cluster 7 (59.6%) and cluster 1 (36.8%). Further analysis revealed that different sub-clusters within each intrinsic subtype showed distinct clinical and survival features compared to other sub-clusters (Figure 3).




Figure 2 | Unsupervised clustering of breast cancer subtypes revealed the presence of seven distinct sub-clusters. (A) Unsupervised clustering of the 1,084 breast cancer samples obtained from TCGA using ICGS2 option in the AltAnalyze tool. It showed the hierarchical cosine Euclidean option. (B) The distribution of the severe clusters in luminal A, luminal B, and basal-like subtypes and showing the representative groups that match more than 50% of the total patients in that molecular subtype.






Figure 3 | The association between the dominant sub-cluster within each molecular subtype and patient outcome.





Breast Cancer Sub-Clusters Representative of Intrinsic Breast Cancer Molecular Subtypes Showed a Distinct Genetic and Molecular Profile

Having proved that each intrinsic breast cancer subtype represents a group of distinct sub-clusters, further in-silico analysis with the aim of investigating the genetic and molecular profile of the main sub-clusters that represent each molecular subtype was performed. Indeed, cluster 4 was selected as representative for luminal A tumors (n=225, 45%), cluster 2 for luminal B (n=127, 64%) and cluster 7 for basal-like subtypes (n=102, 60%) (Figure 2B). Interestingly, our approach revealed a group of novel genes that can differentiate basal-like breast cancer from other breast cancer subtypes (Table S2), including the POU5F1 gene (OCT4), which was previously found to be associated with TNBC and linked to cancer stem cells and worse patient outcome. Most of the other genes were not fully investigated and their role in TNBC cancer is not yet known. Similarly, a seven-gene signature was found to be able to differentiate luminal A tumors from luminal B and basal-like breast cancer subtypes. For luminal B, two genes were found to be able to differentiate the luminal B breast cancer subtype from both luminal A and basal-like breast cancer subtype. Our results here identified novel top differential genes that can clearly differentiate between the different breast cancer subtypes.



Eight of Our Identified Top Differential Genes From the Basal-Like Breast Cancer Were Confirmed to Be Upregulated in Samples From TNBC Patients and Their Expression to Be Associated With Worse Outcome

Next, we focussed on the gene signature that was able to differentiate between TNBC and non-TNBC subtypes. For that reason, we used another in-silico tool to investigate the expression levels of each of those genes and their association with the patient outcome in TNBC samples in the publicly available Breast Cancer Gene-Expression Miner v4.0 (bc-GenExMiner v4.0) database. Out of the 25 gene signature, eight genes were shown to be upregulated in TNBC samples compared to other molecular subtypes and to be associated with poor prognosis in those patients. The genes included NR2E1, INGX, C1QL2, POU5F1, A2ML1, ROPN1, VGLL1, FZD9 (Figure 4, Supplemental Figure 1).




Figure 4 | Box plot of NR2E1, INGX, C1QL2, POU5F1, A2ML1, ROPN1, VGLL1, FZD9 expression in different breast cancer subtypes using Breast Cancer Gene-Expression Miner v4.0 database.





NR2E1 and FZD9 Were Confirmed to Be Upregulated in Basal-Like TNBC Samples From Our Patient Cohort Consisting of 80 Breast Cancer Specimens

As a proof of concept, and to confirm the accuracy of our shortlisted TNBC gene signature, we investigated the protein expression levels of two genes (NR2E1 and FZD9) using immunohistochemistry (IHC) in our patient cohort (Figure 5). The cohort consisted of 80 breast cancer samples from different molecular subtypes, 50 cases of luminal B, 20 cases of luminal A, 7 cases of basal-like triple-negative, and only 3 cases of HER-2 enriched.




Figure 5 | FZD9 and NR2E1 immunoreactivity in our patient cohort that consists of 80 breast cancer patients (A) Representative images of strong, moderate, weak as well as negative FZD9 immunoreactivity. (B) Representative images of positive and negative NR2E1 immunoreactivity.



The overall expression of FZD9 in the cohort was limited to only 27.5% of all samples (Table 1) (Figure 5A). This can be explained by the fact that around 70% of the tumor samples in our cohort were confined to either luminal A or B breast cancer subtypes. Besides, our results showed no association between FZD9 IHC expression and tumor size, LN status, or tumor stage (Table 1). While it does not reach a statistical significance, a significant trend was observed between FZD9 expression and tumor grade. Tumors with moderate to poor differentiation (grade II & III) showed around three times FZD9 levels (29.82% and 27.27%, respectively) compared to well-differentiated tumors that showed positivity in only 9% of the cases (Table 1). Interestingly, the classification of samples according to their molecular subtypes revealed a significantly higher expression of FZD9 levels in the basal-like TNBC subtype (71.42%) compared to samples from other non-TNBC samples (23.28%) (P=0.0224). Finally, our results showed that patients with worse outcomes and a decline in the survival expressed higher levels of FZD9 (35.7%) compared to patients who had a better outcome with prolonged survival (FZD9 positivity in only 21.5% of the samples) (Table 1).


Table 1 | The association between FZD9 and NR2E1 immunoreactivity in different clinicopathological parameters in our patient cohort that consists of 80 breast cancer patients.



Similarly, the NR2E1 showed the same trend with no significant association with most of the clinicopathological parameters (Table 1) (Figure 5B). However, basal-like TNBC samples showed significantly higher levels of NR2E1 (57.14%) compared to the non-TNBC samples (%16.67) (P=0.04). Also, while it was not significant, patients with higher grade (grade III) showed higher levels of NR2E1 expression compared to grade II (19.29%) and grade I (18.18%). Moreover, patients with poor overall survival showed a higher level of NR2E1 (25%) compared to patients with better overall survival (18%) (Table 1). The results obtained from our IHC panel for both FZD9 and NR2E1 demonstrated the sensitivity of our shortlisted genes in discriminating between basal-like TNBC samples and other breast cancer molecular subtypes.



Breast Cancer Sub-Clusters Representative of Intrinsic Breast Cancer Molecular Subtypes Showed a Distinct Stromal and Immune Cell Profile Including Macrophages 0, 1, and 2

Due to the increasing importance of the microenvironment in breast cancer heterogeneity and determining cancer cells’ behavior, we next investigated whether our identified clusters have distinct infiltrating stromal cells in addition to immune cells profile. To achieve this we used a different in-silico tool; the Estimation of STromal and Immune cells in MAlignant Tumours using Expression data’ (ESTIMATE) tool, which is a method that depends on the analysis of gene expression signature to identify the stromal and immune cells fractions in a given tumor sample (Figure 6A). Our results showed a statistically significant difference in tumor purity in terms of the immune and stromal score. The immune score of the basal-like subtype (863.3 ± 91.24) was statistically higher compared to luminal A (290.5 ± 42.09) and luminal B (169 ± 61.29) subtypes (P<0.001) (Figure 6A). Also, investigating the percentage of immune cell infiltration in our clusters representing basal versus luminal A and B breast cancer as predicted by CIBERSORT analytical tool (Figure 6B) revealed macrophages M0 and M1 to be significantly higher in the basal-like subtype compared to luminal A and luminal B (p<0.001). In contrast, macrophages M2 was significantly higher in the luminal A (p<0.001) and luminal B (p<0.001) subtypes compared to the basal-like subtype. Details of CIBERSORT results are listed in Supplementary Table S3.




Figure 6 | The cellular and stromal profile of clusters representative of luminal A, B, and basal-like breast cancer subtypes. (A) Estimation of Stromal and Immune cells profile in clusters representative of luminal A, B, and basal-like breast cancer subtypes using Expression data (ESTIMATE) tool. (B) The percentage of immune cell infiltration in basal versus luminal A and B breast cancer cells as predicted by CIBERSORT analytical tool. (C) Non-parametric Pearson correlation matrix for immune cells showing different correlation of M1 and M2 to other infiltrating immune cells.



This clearly demonstrated that our unsupervised clustering was not only able to distinguish cancer cells in different breast cancer subtypes but also differentiate the microenvironment profile within those molecular subtypes.



M1 and M2 Showed Different Correlation With Other Immune Infiltrating Cells

Next, and for a better understanding of the role of distinct M1 and M2 infiltrate on modulating the immune response and its possible effect on patient outcome, we investigated the non-parametric Pearson correlation matrix between M1 and M2 and its association with a large panel of other immune cells (Figure 6C). Interestingly, while our results revealed a negative correlation between M2 expression and most of the other immune cells, M1 expression showed a positive correlation with most of the other immune cells, including CD8+ T cells as well as NK cells, known to have a pivotal role in the host anti-tumor response.



Macrophage 1 Level Can Identify Two Basal-Like Subgroups That Showed Distinct Genomic as Well as Clinicopathological Features With M1 High Subgroup to Be Associated With a Better Overall and Disease-Free Survival

Next, we investigated if our observed distinct immune profile, including the tumoricidal classically activated M1, affects the clinical course and outcome of the basal-like breast cancer patients. To achieve this, the basal-like breast cancer samples were divided according to their macrophage percentage as per the CIBERSORT immune cells prediction using a transcriptome profile. M1-M0 to M2-M0 ratio was used to define two basal-like breast cancer groups: M1 high (M1H) if the ratio is above 0 and M1 low (M1L) if the ratio is less than 0 (Table S3). Comparing all the clinical data of the M1H and M1L basal-like breast cancer patients, the only significant difference shown was in the overall and disease-free survival. The M1H basal-like overall (q-value=0.0317) and disease-free survival (q-value=0.0445) are significantly better than M1L basal-like group (Figure 7A).




Figure 7 | The genetic and molecular profile of M1H basal-like breast cancer subtype compared to the M1L group (A) The association between M1H and M1L basal-like breast cancer subtypes and patient outcome presented as overall survival (OV) and disease-free survival (DFS). (B) The expression levels of key M1 phenotype markers including specific cytokines and chemokines (CXCL9, IDO1, CXCL13, CXCR2P1, GBP1P1, GBP4and) in M1H and M1L basal-like breast cancer subtypes. (C) Top pathways enriched in M1H basal-like breast cancer subtype. ****p < 0.01.





M1H Basal-Like Group Showed a Distinct Antibacterial Immune-Related Transcriptomic Profile Than the M1L Group

Indeed, there was no significant difference in the rate of mutations between the two groups, and no gene copy number changes; however, there was a significant difference in the gene expression as measured by RNAseq. Our results showed clearly that basal-like breast cancer with M1H and M1L subgroups represent two different entities in their genomic characteristics. Besides, our results also revealed that the M1H subgroup to be enriched with 1. specific cytokines and chemokines (CXCL9, CXCL13, CXCR2P1), 2. the guanylate-binding protein family GTPases which is induced by interferon-gamma (IFN-γ) to protect against microbial and viral pathogens (GBP1P1, GBP4, and GBP5I) and 3. indoleamine 2,3-dioxygenase 1 (IDO1) which is an immune modulator enzyme and has a bactericidal activity through direct anti-pathogen mechanisms via depletion of tryptophan. All of these showed a 2-fold change with a p-value <0.05 (Figure 7B).

The identified genes were enriched in antibacterial immune responses related pathways including response to the bacterium, positive response regulation to an external stimulus, response to lipopolysaccharide, and defense response to other organisms (Figure 7C).

All these together highlight the importance of our unsupervised clustering in the identification of more precise breast cancer subtypes with distinct malignant cells and microenvironment profile.




Discussion

In this study, we tried to use a comprehensive in silico approach to dissect the inter and intra-tumoral heterogeneity of different breast cancer subtypes and their impact on cancer cells’ behavior and patient outcome. We pooled data of 1,084 breast cancer patients from different breast cancer subtypes using TCGA cohorts. Our analysis was done through an unsupervised single-cell population identification method that revealed a unique list of genes that were able to clearly differentiate between different breast cancer molecular subtypes.

Due to its poor prognosis and lack of targeted therapy, we further investigated the top differential genes in the overly aggressive TNBC subtypes. Our analysis using different independent, publicly available databases confirm that eight of our shortlisted top differential genes were upregulated in TNBC and their expression to be associated with worse patient outcome. Except for the POU5F1 gene (OCT4), which is a cancer stem cell marker and its expression was found to be associated with worse outcome (28), the role of the other seven genes in TNBC tumorigenesis, as well as their prognostic significance, is not yet well identified.

As a proof of concept, we confirmed the clinical significance and prognostic value of two of the eight shortlisted genes (NR2E1, FZD9) belonging to this gene signature in our patient cohort consisting of 80 breast cancer patients. Both genes were able to discriminate TNBC samples from other non-TNBC subtypes independent of their clinicopathological parameters. This indicates the accuracy and sensitivity of our filtration method and bioinformatic approach. However, further studies with a larger number of patients are still needed in the future to confirm the clinical benefits of using those genes as predictive and prognostic markers.

Interestingly, NR2E1 was recently found to be upregulated in ERα-negative breast cancer and to play a role in breast cancer cell growth and invasion and was suggested as a possible candidate for therapeutic targeting (29). Similarly, FZD9, which belongs to frizzled receptors (FZDs) family that are G protein-coupled receptors essential for WNT signaling pathway, was also found recently to be upregulated in a group of cancers including the highly aggressive astrocytoma as well as osteosarcoma, and its knockdown was shown to reduce cell proliferation and motility in hepatocellular as well as hepatoblastoma cell lines (30, 31).

While our results clearly demonstrated the clinical significance of our gene signature, further studies should be performed to investigate the other candidates before its implementation in the clinical practice.

Another important finding in our study is the ability of our stratification method not only to detect the cancer cells heterogeneity but also to detect heterogeneity in the microenvironment profile, including the stroma as well as the immune cell profile. This was evident in our findings; the immune score was statistically higher in the basal-like subtype compared to both luminal A & B subtypes. Indeed, our results provide evidence that the enrichment of tissues from IM subtype of TNBC patients with immune cell signaling and pathways observed by Lehmann et al, 2011 was not only due to epithelial tumor cells but also due to the difference in the tumor microenvironment including the immune cells as well as the stromal components surrounding the tumor (19). Moreover, our findings go with the previous report that showed a significant association between poor classical clinicopathological parameters, including ER, PR negativity, LN involvement, poorly differentiated tumors, and the absolute Immunoscore, which reflects the total tumor-infiltrating immune cells (32). The same report also showed tumor-infiltrating lymphocytes (TILs) to be higher in the more aggressive HER-2 as well as basal-like breast cancer types compared to the less aggressive luminal A & B subtypes (32).

Interestingly, our signature was also able to identify a distinct immune cell profile, including macrophages (M0, M1, and M2) in the different breast cancer subtypes. Our findings revealed that stratification of basal-like TNBC samples according to macrophage M1 level was able to identify two basal-like subgroups with distinct genomic as well as clinicopathological features in addition to distinct patient outcomes. This highlighted the need for such a signature that not only detect cancer cell heterogeneity but also able to identify TME variation, including the immune cells that recently became an important candidate for new therapeutic options, including immunotherapy.

Besides, our results also showed preliminary evidence on the molecular basis of the beneficial effect and favorable outcome of high M1 expression in basal-like TNBC. Indeed, we have found that the M1H subgroup is enriched with M1 phenotype markers that were enriched in antibacterial immune responses related pathways. Some of those pro-inflammatory markers were previously found to be involved in leukocyte trafficking, including integrin activation and chemotactic migration, and their expression was found to promote M1 polarization and predict response to therapy as well as favorable patients outcome (33, 34). This goes with the anti-tumorigenic and pro-inflammatory effects proposed for M1-like macrophages. This was reflected in the prolonged overall survival observed in this subgroup compared with the M1L subgroup.

As shown in Figure 8, we proposed three mechanisms that might explain the favorable outcome of the M1H subgroup; all of which are mediated through IFN-γ. The first mechanism is mediated through IFN-γ induced chemokines (CXCL9 and CXCL13). Indeed, chemokine CXCL9 is induced by IFN-γ to mediate lymphocytic infiltration to the focal sites thus suppressing tumor growth (35), in addition, CXCL9 was found to be significantly associated with increased pathologic complete response rate (pCR) in breast cancer (36) and prolonged disease-free and overall survival in patients with the triple-negative disease (37).




Figure 8 | Possible mechanisms through which M1 might mediate the favorable outcome in basal-like triple-negative breast cancer (TNBC) patients.



Moreover, the response rates to the immune checkpoint blockade (ICB); anti-PD-1/anti-CTLA-4 in breast cancer was found to have a direct correlation with the extent of tumor immune infiltrate, which is correlated with upregulated macrophages derived CXCR3 ligands, CXCL9, and CXCL10 (38). This CXCL9/10/11-CXCR3 axis activation can lead to upregulated expression of the immunosuppressor programmed death-ligand 1 (PD-L1) by activating the STAT and PI3K-Akt signaling pathways that play an important role in cancer treatment (39).

On the other hand, chemokine C-X-C motif ligand 13 (CXCL13) plays a fundamental role through CXCL13: CXCR5 axis during inflammatory, infectious and immune responses by orchestrating lymphocyte infiltration within the TME (40). As in the case of CXCL9, IRF5 (interferon regulatory factor 5) can bind to the promoter of CXCL13 and directly regulate its expression in mammary epithelial tumor cells leading to the infiltration of CD19+CXCR5+ B-cell and CD4+CXCR5+ T-cell to the tumor (41). But opposite to CXCL9, high CXCL13 was associated with improved outcomes in the luminal-human epidermal growth factor receptor two subtypes (37).

Another mechanism that might explain the M1H subgroup favorable outcome is through the other top DEGs between M1H and M1L subgroups, including the IFN-γ induced GTPases, known to protect against microbial and viral pathogens (GBP4 and GBP5I). GBP genes could act as protective factors in host defense by controlling infection and autoimmunity (42). Infection-driven IFN maintains GBP expression in murine and human macrophages needed to restrict intracellular pathogens (43) through the activation of caspase‐1 containing inflammasome complexes or caspase‐4, which triggers pyroptosis (44). Mechanistically, recruited neutrophils mediate bacterial clearance through the Gbp4 inflammasome-dependent biosynthesis of prostaglandin D2 (45). In breast cancer, inflammasome was linked to myeloid-derived suppressor cells (MDSCs) and tumor-associated macrophages (TAMs) infiltration providing an inflammatory microenvironment (46).

Our results also identified a major bactericidal activity and immune modulator enzyme: IDO1, which was specifically upregulated in M1H group. Indeed, IDO1 was found to be one of the immune checkpoint proteins involved in cancer immune escape (47). However, and similar to our findings, a recent report with comprehensive genomic analysis identifying novel TNBC subtypes, also recognizes IDO1 as one of the most highly expressed genes in an immune-activated basal-like TNBC subtype with high TILs density, suggestive of active immune reaction (47, 48). Moreover, it was also found to be significantly up‐regulated in basal-like breast cancer subtype than the other subtypes and showed better survival prognosis as it is involved in interferon-gamma response and PD‐L1 positivity (49).

Overall, our results highlight the importance of using a combined approach that consists of high-throughput genomic technologies and unsupervised single-cell clustering methods in exploring breast cancer heterogeneity. This approach might be essential not only to understand the intratumoral heterogeneity but also for the discovery of more clinically relevant patients’ subpopulations and the discovery of new potential biomarkers and therapeutic targets that are not restricted to parenchymal cells but extend to the stromal and immune cell infiltrate. Such an approach might help in a more personalized and better patients response to different therapeutic options, including chemotherapy, radiotherapy, as well as targeted therapy.



Conclusion

Our approach was able to identify discrete sub-clusters within breast cancer subtypes with a distinct molecular and clinical profile. Those sub-clusters not only identified heterogeneity between the different breast cancer subtypes but also highlighted intra-subtype heterogeneity. Moreover, our clustering methods were able to differentiate breast cancer samples not only according to the cancer cells profile but also according to the TME, including both stromal as well as immune cell profiles. Adding immune profiling through transcriptomic data can increase precision for diagnosis and prognosis of breast cancer patients and can categorize patients according to the available therapeutic modalities in a more personalized approach.
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Immunomodulation and chronic inflammation are important mechanisms utilized by cancer cells to evade the immune defense and promote tumor progression. Therefore, various efforts were focused on the development of approaches to reprogram the immune response to increase the immune detection of cancer cells and enhance patient response to various types of therapy. A number of regulatory proteins were investigated and proposed as potential targets for immunomodulatory therapeutic approaches including p53 and Snail. In this study, we investigated the immunomodulatory effect of disrupting Snail-p53 binding induced by the oncogenic KRAS to suppress p53 signaling. We analyzed the transcriptomic profile mediated by Snail-p53 binding inhibitor GN25 in non-small cell lung cancer cells (A549) using Next generation whole RNA-sequencing. Notably, we observed a significant enrichment in transcripts involved in immune response pathways especially those contributing to neutrophil (IL8) and T-cell mediated immunity (BCL6, and CD81). Moreover, transcripts associated with NF-κB signaling were also enriched which may play an important role in the immunomodulatory effect of Snail-p53 binding. Further analysis revealed that the immune expression signature of GN25 overlaps with the signature of other therapeutic compounds known to exhibit immunomodulatory effects validating the immunomodulatory potential of targeting Snail-p53 binding. The effects of GN25 on the immune response pathways suggest that targeting Snail-p53 binding might be a potentially effective therapeutic strategy.




Keywords: immunomodulation, snail-p53 binding, non-small cell lung cancer, T-cell mediated anticancer immunity, neutrophil-mediated anticancer immunity, systems immunology, tumor sensitization



Introduction

The complexity of the tumor micro-environment is attributed to various factors including the different types of cells residing within the tumor micro-environment (i.e. tumor, stromal, and tumor-associated immune cells) (1). These different cell types interact reciprocally, gradually modulating the micro-environment and promoting tumor progression. For instance, the tumor microenvironment modulates the immune response by selectively attracting and repolarizing immune cells (e.g. macrophages and neutrophils) from an anti-tumorigenic to a pro-tumorigenic phenotype (2, 3).

As non-small cell lung cancer (NSCLC) is one of the most common causes of cancer-related death world-wide, targeted and immune therapy strategies are being exhaustively explored for the treatment of this disease (4). Immune-checkpoint inhibitors (ICIs) showed promising results in a group of lung cancer patients (5); however, their efficiency largely depends on the priming and activation state of the immune cells (6). For example, only 14–20% of NSCLC patients were found to benefit from anti-PD-1/PD-L1 therapy (7), as a consequence of the lack of proper immune response dynamics and T-cells priming. Therefore, it is critical to develop immunomodulatory strategies to regulate the activation state of the immune effectors and enhance the efficiency of ICIs (7).

Multiple proteins and signaling pathways were proposed to induce immunomodulatory reciprocal signaling networks between tumor, stromal and immune cells, including p53 and Snail. Inactivation of the tumor suppressor p53 was shown to contribute to tumor progression by augmenting immunotolerance, reducing the infiltration of cytotoxic T-cells and increasing the infiltration of FoxP3+ regulatory T cells (8). In addition, in the absence of functional p53, tumor cells promote chronic inflammation and inflammatory cytokines production (e.g. G-CSF, IL6, and CXCL1) through regulation of NF-κB signaling (8, 9). The exacerbation of the chronic inflammation mediated by p53 inactivation promotes the activation of myeloid-derived suppressor cells (e.g. precursors of dendritic cells, macrophages and granulocytes that inhibit T cell response), shifting the nature of the tumor microenvironment further towards a pro-tumorigenic phenotype (10).

Snail on the other hand was found to modulate the secretion of chemokines, such as CXCL2, resulting in the increased infiltration of neutrophils into the tumor micro-environment (11). Moreover, through interacting with CREB-binding protein (CBP), Snail can transcriptionally upregulate the production of various cytokines including TNF-α, CCL2, and CCL5; hence, recruiting tumor-associated macrophages (12). Additionally, Snail was found to induce regulatory T cells differentiation and impair the infiltration of anti-tumor effector cells, through TSP1 and TGF-β production resulting in the resistance to immunotherapy (13).

In 2009, Lee et al. discovered a novel p53 inhibition mechanism instigated by the oncogenic KRAS through inducing Snail-p53 binding and p53 clearance through exocytosis or degradation (14). The compound GN25 was shown to effectively target this binding and, consequently, restore p53 levels and activity in the KRAS mutant cancer cells (15). Therefore, we aimed at investigating the effect of disrupting Snail-p53 binding using GN25 on the modulation of the immune response using systems immunology. To achieve this aim, we analyzed the whole transcriptome of GN25 treated non-small cell lung cancer cell line (A549) using next-generation RNA-seq followed by functional clustering and pathway analysis.



Materials and Methods


Cell Culture and Treatment

A549 cells were cultured in RPMI-1640 media supplemented with 10% FBS and 1% penicillin–streptomycin (Sigma) and maintained at 37°C and 5% CO2. The cells were treated with 20 µM GN25 or DMSO vehicle control (NTC) for 24 h and harvested for RNA extraction using RNeasy Mini Kit (Qiagen).



Quantitative Real-Time PCR Analysis of Gene Expression

Gene-specific cDNA was synthesized using the High-Capacity cDNA Reverse Transcription Kit for RT PCR (Applied Biosystems). qRT-PCR was performed in triplicates with the Maxima SYBR Green/ROX qPCR Master Mix (Thermoscientific) using QuantStudio3 Real-Time PCR instrument (Applied biosystems). qRT-PCR were performed using primers for 18SrRNA, IL8, DUSP1, and CXCL2 as per the sequences in Table 1. Gene expression results are presented as mean ± standard error of triplicates.


Table 1 | Details of primers used for qRT-PCR validation of gene expression.





Whole Transcriptome Analysis

1 ng of RNA extracted from vehicle-treated and GN25-treated A549 cells was analyzed using targeted whole RNA-seq with AmpliSeq whole transcriptome on S5 system (Thermo Fisher Scientific). The SuperScript VILO cDNA synthesis kit (Invitrogen) was used to synthesize barcoded CDNA libraries; which were further amplified using Ion AmpliSeq transcriptome human gene expression kit (Thermo Fisher Scientific). Taqman library quantitation kit (Applied Biosystems) was used to evaluate the quality of the libraries. Pooled libraries were then amplified using emulsion PCR on Ion One Touch2 instruments (OT2) and enriched using Ion One Touch ES as per manufacturer’s instructions. RNA-sequencing of the libraries was done using Ion S5 XL Semiconductor sequencer on Ion 540 Chip (Life Technologies).



Bioinformatics Analysis

RNA-seq data was analyzed using the Ion Torrent Software Suite version 5.4. Alignment was carried out using the Torrent Mapping Alignment Program (TMAP). TMAP is optimized for aligning the raw sequencing reads against reference sequence derived from hg19 (GRCh37) assembly. To maintain specificity and sensitivity, TMAP was used to implement a two-stage mapping approach. First, four alignment algorithms, BWA-short (BWA, http://bio-bwa.sourceforge.net) (16), BWA-long (17), SSAHA (18), and super-maximal exact matching (19) were employed to identify a list of candidate mapping locations. A further alignment process is performed using the Smith-Waterman algorithm (20) to find the final best mapping. Raw read counts of the targeted genes were performed using samtools (samtools view –c –F 4 –L bed_file bam_file). The quality control including the number of expressed transcripts is checked after Fragments per Kilobase Million (FPKM) normalization. Differentially expressed gene analysis was carried out using a modification of the NOISeq algorithm (21) with raw read counts from RNASeq data. The cut-off chosen for NOISeq is q = 0.8 based on the noise content of the samples.



In Silico Functional Analysis

Over and under expressed genes were subject to functional analysis using unsupervised hierarchical clustering based on Gene Ontology analysis. We analyzed the functional clustering of the differentially expressed genes using Metascape (22) and Ingenuity pathway analysis (IPA) platforms (23) annotation tools. To identify the specific effect of GN25 on the different types of immune cells, we cross matched the differential transcriptome with gene ontology sets retrieved using AmiGO 2 database (Table S1). Heatmap and bar plot representations were generated using R (version 3.6.0). We queried our differential immune expression signature for overlap with other immunomodulatory compounds through the L1000 Characteristic Direction Signature Search Engine (https://amp.pharm.mssm.edu/L1000CDS2) developed by the Mount Sinai Center for Bioinformatics (24).



Western Blot

Cells were lysed with RIPA lysis buffer containing 50 mM Tris Base, 150 mM NaCl, 1% sodium deoxycholate, 0.1% SDS, 1% Triton X-100, and supplemented with 1X protease inhibitor cocktail (Sigma). Protein concetration was then quantified using Pierce™ BCA Protein Assay Kit (ThermoFisher). 20µg of each sample sample were separated on 12.5% SDS polyacrylamide gel and transblotted onto polyvinylidene difluoride (PVDF) membrane (Biorad). Membranes were blocked with 5% Bovine Serum Albumin prepared in 1X TBST then incubated with the primary antibodies overnight at 4°C. Anti-p53 rabbit polyclonal antibody (A0263, abclonal) and anti-β-actin mouse monoclonal antobody (A5441, Sigma) were applied at a dilution of 1:1,000. The secondary antibodies, Anti-mouse IgG, HRP-linked Antibody #7076 (Cell Signaling, 1:3,000) and Anti-rabbit IgG, HRP-linked Antibody #7074 (Cell signling, 1:3,000), were applied to the membranes for 1 hour at room temperature. Chemiluminescence was detected using Pierce™ ECL Western Blotting Substrate (ThermoFisher Scientific) and developed using the ChemiDoc™ imaging system (Biorad). Quantification of bands was analyzed by Image LabTM software (Biorad).



PBMC Isolation, Co-Culture, and Flow Cytometry

Peripheral blood mononuclear cells (PBMCs) were isolated from fresh blood samples collected from four healthy donors following the approval of the ethical committee at University Hospital Sharjah. The research ethics approval code for this study is UHS-HERC-033-02042020. The PBMCs were isolated using histopaque gradient separation (Sigma). PBMCs were labeled with 4 µM carboxyfluorescein succinimidyl ester (CFSE, Invitrogen, USA) for 8 min at room temperature and washed with ice cold RPMI 1640 medium (completed with 10% FBS and 1% penicillin-streptomycin). PBMCs were then directly co-cultured with a monolayer of A549 cells treated with 0, 5, and 10 µM of GN25 in complete RPMI 1640 medium at a seeding ratio of 1:1 (5×104 cells per well in a 12-well cell culture plate). PBMCs were harvested on the third day of culture and stained with anti-Human CD3-AlexaFluor 700 (clone OKT3, eBiosciences, Invitrogen, USA). Stained PBMCs were then acquired using BD FACS Aria III flow cytometer (BD Biosciences, USA) and BD FACS Diva software.



Statistical Analysis

Two-tailed t-test was conducted to statistically analyze the significance of the gene expression data and T-cell activation data; the significance was taken to be p <0.05. All statistical analyses were performed using GraphPad Prism (version 5.01).




Results


Validation of GN25 Effect on Cell Cycle and Cytoskeleton Reorganization

Our initial aim was to examine the effects of disrupting Snail-p53 binding using GN25 on the gene expression profile of the NSCLC cell line A549. The transcriptome of GN25 treated NSCLC cells was enriched for transcripts implicated in cell cycle regulation, phase transition, cell division, and DNA damage and repair (Figure 1A). Furthermore, many of these transcripts belong to p53 signaling cascade, involved in the regulation of cell cycle and DNA repair (Table S2). The upregulation and enrichment of these transcripts confirms the restoration of p53 activity in response to disrupting its binding to Snail by GN25.




Figure 1 | Validation of Snail inhibition and p53 restoration in GN25 treated cells. The top 20 enriched pathways and functional clusters in (A) the upregulated genes and (B) downregulated genes in the GN25 treated cells analyzed using Metascape annotation tool (C). Top 20 pathways enriched in the differentially expressed genes in GN25 treated cell (both up- and down-regulated genes) using IPA. Green arrows indicate cell cycle related pathways; black arrows indicated cell morphogenesis related pathways; and black arrows indicate immune response related pathways.



On the other hand, GN25 treatment resulted in the downregulation of transcripts involved in cell projection organization, cell morphogenesis and differentiation, extracellular matrix organization, and regulation of cell adhesions (Figure 1B). The downregulation of these transcripts is a potential consequence of Snail inhibition exerted by GN25, in concordance with previous findings (25).

We cross-validated these enrichment results analyzed using Metascape with those analyzed using Ingenuity Pathway Analysis (IPA) (Figure 1C). Analysis results from both tools confirmed the significant effect of GN25 treatment on cell cycle and cell projections organization, subsequently to Snail inhibition and p53 restoration. Intriguingly, multiple immune pathways were enriched in both analyses, suggesting a potential effect of the disruption of Snail-p53 binding on the immune response (Figure 1C).

We next carried out in vitro validation to confirm the restoration of p53 in response to GN25 treatment at the protein level. In concordance with the findings of Lee at al. (15), we observed a significant upregulation (F.C.) of p53 levels in A549 cells treated with 20 µM GN25 (Figure S1A). Moreover, we observed a reduction in the proliferation of A549 cells in response to GN25 treatment (Figures S1B, C).



Enrichment in Immune Response Genes and Pathways in GN25 Treated NSCLC Cells

We next focused our analysis on the enriched immune response transcripts and pathways to further examine the effects of disrupting Snail-p53 binding on the immunomodulatory potential of NSCLC cell line, A549. Targeted Enrichment of our pathway analysis results from Metascape and IPA for immune response pathways, uncovered a significant effect of GN25 treatment on signaling pathways mediated by cytokines (e.g. IL-8, IL-1, IL-17), immune receptors (e.g. TCR, BCR, and FcϵR), and NF-κB (Figures 2A, B).




Figure 2 | Immunomodulatory effect of Snail-p53 binding inhibition. Enriched representation of the top 20 immune response pathways and functional clusters identified in analysis conducted using (A) Metascape and (B) IPA. The count of intersecting genes from the GN25 treated cells with the (C) Immunome set (D), immune cells activation gene ontology sets, and (E) immune cells chemotaxis gene ontology sets.



To further investigate the specific effect of GN25 on the immune response, we examined the overlap between the differential transcriptome of GN25 treated NSCLC cells and gene ontology sets linking to the regulation and activation of the different arms of the immune system. Our analysis showed a substantial overlap with T-cell, B-cell and Monocyte gene sets from the Immunome gene ontology set (26–28) (Figure 2C). Enrichment of T cell regulatory transcripts was further confirmed through the substantial overlap with the T cell activation and chemotaxis gene sets retrieved from AmiGO 2 database (Figures 2D, E). Overlap, although less substantial, was observed as well with the activation and chemotaxis gene sets of other immune cells including neutrophils, monocytes, and NK cells. These results suggest a potential effect of Snail-p53 binding disruption on the immunomodulatory capacity of NSCLC cells on immune response mediated by different immune effectors, including T cells.



GN25 May Increase the Immunomodulatory Effect of NSCLC Cells on Myeloid Cells, Neutrophils, T-Cells Mediated Immune Response

Despite the marked effect of GN25 treatment on the enrichment of T cell regulatory transcripts, the effect of GN25 encompassed transcripts implicated in the regulation of other elements of the immune response (e.g. neutrophils, Monocytes, and NK cells). To further assess the significance of the effect of GN25 on the remaining elements of the immune response, we filtered the differentially expressed genes (fold change >2 or <0.5) that overlapped with the immune response gene ontology sets for functional clustering analysis, including IL8, CD81, BCL6, and DUSP1 (Figure 3A; example of the filtered genes).




Figure 3 | Most significantly enriched immune pathways within the immunomodulatory signature of GN25 (A). The differentially expressed genes (Fold changes cut-off >2 and <0.5) enriched in the gene ontology data sets for the activation and chemotaxis of each immune cell type (B). Pathway analysis of Differentially expressed genes enriched in the Immunome and activation/chemotaxis Gene ontology sets of each immune cell type. Pathway analysis done using Metascape (C). Representative FACS plots showing the percent of CFSE+ CD3+ cells co-culture with A549 cells treated with 5 and 10 µM GN25 as well as vehicle control (D). dotplot representation of mean percentage ± SEM of CD3+ cells proliferation in response to co-culture with A549 cells treated with 5 and 10 µM GN25 as well as vehicle control. Data shown are from four healthy individuals. * represents p-value <0.05.



Although the results of the functional clustering analysis showed a general enrichment of leukocytes activation, migration and regulation pathways, a significant enrichment was observed for myeloid leukocytes (GO:0002274), neutrophil (GO:0042119) and T cell (GO:0050870 and GO:0046649) regulatory pathways in comparison to the other immune cell types (Figure 3B). The constitutive enrichment of T cell regulatory pathways at the different levels of analysis as well as the enrichment of the neutrophil and myeloid leukocyte regulatory IL-8 signaling pathway suggest a substantial effect of Snail-p53 binding disruption of myeloid leukocytes, neutrophils and T cells mediated immunity.

Intriguingly, the suppression of some of the identified immune response genes, including CD81, might contribute to the suppression of cancer cells migration and invasive capacity (29). Moreover, treatment with GN25 is suppressing BCL6 which was shown to alternatively promote cancer cells survival through exerting a suppressive effect on DNA damage sensing proteins including p53 (30).



Direct Immunomodulatory Effect of GN25 Treated A549 Cells on CD3+ Lymphocytes

We next carried out in vitro validation of the suggested immunomodulatory effect of GN25 treated NSCLC cells on T and B cells. We directly co-cultured freshly isolated PBMCs with GN25 treated A549 cells and monitored CD3+ PBMCs for proliferation using CFSE as a marker of cell activation. We observed a significant upregulation of cell proliferation in response to the co-culture with A549 cells treated with 10 µM GN25 (Figures 3C, D). These findings support the enhancement of the immunomodulatory capacity of NSCLC cells in response to the disruption of Snail-p53 binding as suggested by the in silico analysis of the RNA-seq data.



Snail-p53 Signaling Modulates the Immune Response Potentially Through NF-κB Signaling and Related Regulatory Pathways

The functional clustering and pathway analysis of the differentially expressed immune-related genes revealed an enrichment for transcripts contributing to major regulatory signaling pathways such as ERK1/2, AP1, Notch, JAK-STAT, NF-κB, and MAPK signaling pathways. Henceforth, the observed immunomodulatory effects of Snail-p53 binding disruption could be an end result of targeting these regulatory signaling pathways. Therefore, we aimed at further analyzing our differentially expressed immune genes for potential regulatory networks using String functional protein association networks analysis (Figure 4).




Figure 4 | String functional protein association networks analysis in all the differentially expressed genes (FC >2 or <0.5) enriched in the immune gene ontology sets. Red arrows indicate elements of our target molecules, p53 and Snail; black arrows indicate potential regulatory nodes induced by Snail-p53 binding to modulate immune response pathways.



In concordance with the enrichment of NF-κB signaling pathway (hsa04064), we observed that the NF-κB pathway active subunit RELA, occupies a central node in the functional network connecting p53 to cytokines-mediated signaling and leukocytes activation. The transcription factor ATF3 appears to be induced by p53 signaling as well to regulate cytokine-mediated signaling and leukocytes activation.

Moreover, the network analysis suggests that histone deacetylase 5 (HDAC5) propagates p53 and Snail signaling to regulate leukocytes and complement activation, confirming thereby the enrichment of the histone modification pathways in our previous analysis (e.g. GO:0031056: regulation of histone modification). Snail-p53 binding may potentially regulate endocytosis, transport across the plasma membrane, and membrane receptors signaling through NOTCH1, an element of the NOTCH signaling pathway enriched in our previous analysis (GO:0007219: NOTCH signaling pathway).

Altogether, these findings suggest that Snail-p53 binding disruption displays an immunomodulatory role pertaining to its upstream effect on regulatory signaling pathways such as NF-κB signaling.



Immunomodulatory Genes Are Enriched in the Top 20 Up- and Down-Regulated Genes in GN25 Treated A549 Cells

To further confirm the substantiality of the immunomodulatory potential of Snail-p53 binding disruption, we examined the top 20 upregulated and downregulated genes, for overlap with the differential immune expression profile of GN25 treated NSCLC cells. We found that 25% of the top 20 upregulated and downregulated genes overlapped with the queried immune signature (Figures 5A, B).




Figure 5 | Immune genes enrichment in the top differentially expressed genes. heatmap representation of the log2 Read counts of the (A) top 20 upregulated genes and the (B) top 20 downregulated genes in GN25 treated cells in comparison to the vehicle negative control. Green arrows indicate genes that intersect with the differentially expressed genes enriched in the immune gene ontology gene sets (C). Gene expression validation using qRT-PCR of immune response genes identified in the RNA-seq analysis including IL8, CXCL2, and DUSP1. *** represents p-value <0.005.



GN25 treatment resulted in the significant upregulation of important regulatory hubs of adaptive and innate immunity, such as ATF3 and DUSP1, which play critical roles in processing upstream signals from various stimuli, to regulate downstream inflammatory and immune response pathways (31–33). Moreover, GN25 appears to upregulate the expression of the nuclear receptor subfamily 4 group A member 1 (NR4A1), an anti-inflammatory protein that regulates NF-kB signaling and inflammatory cytokines production (e.g. IL-12) (34). These results further confirm the considerable effect of GN25 on the modulation of immune-related pathways and processes.

Despite the inhibitory effect of GN25 on various immune response elements, we observed the significant upregulation of some pro-tumorigenic immune modulators potentially as a compensatory feedback mechanism. For instance we observed the upregulation of the carcinoembryonic antigen-related cell adhesion molecule 6 (CEACAM6), an emerging target for anti-cancer therapies due to its important pro-tumorigenic role in lung cancer (35). Moreover, CXCL2, a chemokine that contributes to cancer metastasis as well as pro-tumorigenic immunomodulation (36), is upregulated in our GN25 treated samples. The upregulation of these genes suggests that the lung cancer cells are employing backup mechanisms to offset the inhibitory effects Snail-p53 inhibition on the immune response and cell movement.

The significant upregulation of some of these genes (IL8, DUSP1, and CXCL2) in GN25 treated A549 NSCLC cells was further validated in vitro using qRT-PCR (Figure 5C).



Partial Correlation of GN25 Immune Expression Profile to Those of Compounds With Immunomodulatory Effects

We next aimed at assessing the potential of employing the disruption of Snail-p53 binding as an immunomodulatory therapeutic strategy. We queried the immune expression profile of GN25 treated NSCLC cells against the expression signatures in the L1000 Characteristic Direction Signature Search Engine L1000CDS2 (24) to identify compounds with concordant immunomodulatory effects (Table 2).


Table 2 | Compounds with signatures overlapping with the immunomodulatory signature of GN25.



The top two query candidates were the MEK1/2 inhibitors, PD-0325901 and selumetinib, reported to modulate interferon signaling and chemokines production to reduce inflammation (37). Another candidate found to overlap with the queried immune signature is the heat shock protein 90 (Hsp90) inhibitor radicicol; established to reduce inflammation by suppressing cytokines and IFN-gamma production and macrophages stimulation (38, 39). The PI3Kγ inhibitor AS-605240, another top candidate, was found to suppress lung carcinoma inflammation and the secretion of pro-inflammatory cytokines (e.g. IL-17, IFN-γ, IL-22, GM-CSF, IL-6, IL-4, and IL-13) (40–43).

The immunomodulatory signature of GN25 was found to overlap with multiple additional compounds which similarly possess immunomodulatory effects such as gefitinib, erlotinib (44), JAK2 inhibitor TG101348 (45), and mTOR inhibitor GSK-2126458 (46). The concordance in the immune expression patterns of GN25 and these compounds, supports the potential utility of targeting Snail-p53 binding as a potential immunomodulatory therapeutic strategy.




Discussion

The tumor microenvironment gradually undergoes modulations to promote tumor growth through the reciprocal signaling between the different cell types (i.e. tumor, stromal, and immune cells) encapsulated within the tumor vicinity. Oncogenic reprogramming of signaling pathways expands the tumor cells’ capacity to modulate the immune response and induce pro-tumorigenic chronic inflammation (47). Therefore, reprogramming the immune response is being heavily investigated as a therapeutic strategy. A number of regulatory proteins are currently being studied for their immunomodulatory effects, including p53 and Snail. In this paper, we aimed at exploring the immunomodulatory potential of disrupting the Snail-p53 binding induced by oncogenic KRAS in NSCLC cells.

Our analysis of the differential transcriptome induced by the disruption of Snail-p53 binding confirmed the enrichment of transcripts contributing to various immune response pathways, including signaling pathways mediated by cytokines, immune receptors, and NF-κB. Moreover, the disruption of Snail-p53 binding exerted a substantial effect of the regulation, activation, and chemotaxis of multiple immune effectors. The effect of targeting Snail-p53 binding was most significantly observed on the expression of transcripts contributing to neutrophils- and T cell- mediated immunity, such as IL-8, BCL6, and CD81. Previous studies revealed that p53 and Snail, each independently, plays an important role in regulating tumor infiltration of T-cell and neutrophil, respectively (8, 11). Our findings that GN25 modulated neutrophils and T-cells tumor responses may result from the combination of p53 activation and Snail inhibition and suggest that GN25 might be as effective as combined treatment with p53 activators and Snail inhibitors in NSCLC.

Moreover, analysis of the differential transcripts implicated in immune response pathways showed an enrichment for multiple major regulatory pathways including ERK1/2, AP1, Notch, JAK-STAT, NF-κB, and MAPK signaling pathways. Elements of these pathways (e.g. RELA and NOTCH1) act as central nodes that propagate changes in Snail and p53 activity to the different arms of the immune response. Henceforth, we speculate that the disruption of Snail-p53 binding exhibits immunomodulatory effects in NSCLC cells as an end result of modulating upstream regulatory signaling pathways. These findings are concordant with the previously observed p53-mediated regulation of cytokines production and inflammation through the modulation of NF-κB signaling (8, 9). However, further functional studies are required to identify the precise signaling cascades targeted by the disruption of Snail-p53 binding to modulate the different components of the immune response.

We further validated the potential of targeting Snail-p53 binding as a potential immunomodulatory therapeutic strategy by confirming the concordance in the immune expression patterns of GN25 and well-documented immunomodulatory compounds (e.g. PD-0325901, selumetinib and radicicol). Some of these compounds such as selumetinib and radicicol, were found to complement and sensitize tumors to immune checkpoint inhibitors such as anti-CTLA4 and anti-PD1 therapies (48–50). Therefore, we speculate that targeting Snail-p53 binding using GN25 would similarly potentiate the antitumor activities of ICIs.

Cancer cells exhibit high capacity in maintaining their oncogenic state by utilizing an extensive network of feedback loops and compensatory mechanisms, resulting in the development of drug resistance (51, 52). We observed evidence of these compensatory mechanisms in our studies. For instance, we observed the upregulation of pro-metastatic genes (e.g. CEACAM6) to compensate for the GN25 treatment. Moreover, GN25 treatment upregulated CXCL2 expression as a potential mechanism to recover the pro-tumorigenic immune microenvironment by recruiting tumor promoting myeloid cells (36). These findings provide an elaborate example on the intricate plasticity and adaptability of cancer cells to resist external influences resulting in the inefficiency of various therapeutic approaches, including immunomodulatory treatments.

However, since our investigations are mostly based on systems immunology analysis of transcriptomic data, the outcomes described in this paper are mostly speculations on the immunomodulatory role of Snail-p53 binding. Further mechanistic and functional validation in vitro and in vivo is required to substantiate our claims on the immunomodulatory potential of disrupting Snail-p53 binding; to comprehensively understand the dynamics and mechanism of action of this potential therapeutic strategy; and to investigate the potential mechanisms of compensatory resistance that may develop against this approach. Moreover, whilst other studies showed the p53 restorative effect of GN25 on p53 wild type cells, future work is needed to assess the replicability of our findings in other NSCLC cells lines as well as primary cells. The differentially expressed immune biomarkers in our data (e.g. IL-8, BCL6, and CD81) can be further investigated as potential biomarkers for the prediction of patients’ response to the proposed chemotherapeutic approach and the potential acquisition of drug resistance.

In conclusion, we used a systems immunology approach to investigate the immunomodulatory potential of the disruption of Snail-p53 binding using GN25. Our analysis of the whole transcriptome data confirmed the enrichment of transcripts implicated in immune response signaling pathways, especially the concomitant regulation of neutrophils- and T cell- mediated immunity, as indicated by the differential expression of IL8, BCL6, and CD81. The data presented in the study suggests that the disruption of Snail-p53 binding could be further investigated as an immunomodulatory therapeutic strategy to sensitize immune effectors for enhanced patient response to immune therapies (e.g. ICIs such as anti-CTLA-4 and anti-PD-1/PD-L1).
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CKLF-like MARVEL transmembrane domain-containing 6 (CMTM6) reportedly stabilizes programmed death-ligand 1 (PD-L1) and enhances the efficacy of immunotherapy. However, correlations between CMTM6 expression and the immune microenvironment and its prognostic value remain unknown in a variety of tumors. CMTM6 expression data were obtained from The Cancer Genome Atlas (TCGA) for 33 cancer types classified into high and low expression subgroups according to the median CMTM6 expression value. Pan-cancer analysis of CMTM6 protein expression in 20 tumor types was performed using a cohort from the Human Protein Atlas (HPA). PD-L1 protein expression data were obtained from The Cancer Proteome Atlas (TCPA) for 32 cancer types. Frequencies of CMTM6 copy number alterations and mutations were analyzed using cBioPortal. MANTIS was employed to estimate microsatellite instability in the TCGA cohort. CIBERSORT and the ESTIMATE algorithm were applied to estimate the relative fractions of infiltrating immune cell types and immune scores, respectively. Kaplan–Meier survival curve analysis was performed to assess the pan-cancer prognostic value of CMTM6.CMTM6 is heterogeneously expressed in diverse cancers. Further, the results revealed low CMTM6 mutation frequencies in multiple cancers. Among them, CMTM6 mutation frequency was the highest in uterine cancer. Additionally, CMTM6 expression was related to PD-L1 protein expression in breast invasive carcinoma, cervical squamous cell carcinoma and endocervical adenocarcinoma, cholangiocarcinoma, glioblastoma multiforme (GBM), head and neck squamous cell carcinoma, kidney renal papillary cell carcinoma, sarcoma (SARC), stomach adenocarcinoma, and uterine carcinosarcoma. Increased CMTM6 expression may be associated with increased infiltration of neutrophils in some types of cancer. Finally, pan-cancer analysis indicated that CMTM6 expression was closely related to overall survival in adrenocortical carcinoma, GBM, acute myeloid leukemia, liver hepatocellular carcinoma, mesothelioma, SARC, thymoma, and uveal melanoma. Taken together, these findings highlight that CMTM6 plays an important role in the tumor immune microenvironment, and CMTM6 has been identified to have prognostic value in some types of cancers. Thus, CMTM6 is a potential target for cancer immunotherapy and effective prognostic biomarker.
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Introduction

CKLF-like MARVEL transmembrane domain-containing family (CMTM) is a novel member of the human chemokine-like factor gene superfamily, which includes CMTM 1-8 (1). CMTM6 is a widely expressed protein that exists in clusters on human chromosome 3p23. It exhibits sequence homology with protein products of other family members and has a potential four-time membrane-penetrating structure. In recent years, the relationship between CMTM6 and tumorigenesis has attracted increasing attention. CMTM6 expression in gliomas was previously correlated with poor prognosis, and its expression was positively correlated with inhibitory T-cell expression (2). However, Joh et al. reported that CMTM6 was significantly associated with longer overall survival in non-small cell lung cancer (3). Previous studies indicate that CMTM6 plays different roles in different tumors.

Accumulating evidence indicates that monoclonal antibodies targeting programmed death-1 (PD-1) receptor and its ligand (PD-L1) have demonstrated clinical responses and survival improvement in the treatment of patients with advanced-stage cancers (4). However, anti-PD-1/PD-L1 antibodies are only efficacious in a fraction of patients with certain cancers (5). PD-L1 protein expression is a predictive biomarker that has been widely used (6). CMTM6 can be used as a key regulator of PD-L1 protein in a broad range of cancer cells. CMTM6 both stabilized PD-L1 expression and prevented its lysosome-mediated degradation. CMTM6 increases the expression level of PD-L1 protein without affecting PD-L1 transcription levels (7, 8). CMTM6 improved PD-1/PD-L1 inhibitor efficacy through modulation of PD-L1 expression and tumor-infiltrating lymphocytes (9). Additionally, CMTM6 expression was positively related to CD8+ T cell, macrophage, neutrophil, and dendtritic cell infiltration and negatively correlated with CD4+ T cell infiltration in lung squamous carcinoma (10). Therefore, fully understanding the relationship between CMTM6 and the immune microenvironment is of great importance to optimize patient benefit and guide combination approaches to treatment.

In this present study, we comprehensively analyzed the association between CMTM6 expression and the immune microenvironment and investigated its correlation with pan-cancer prognosis.



Materials and Methods


Pan-Cancer Analysis of CMTM6 Expression

CMTM6 mRNA expression data from 11,093 samples of normal and tumor tissues comprising 33 cancer types were downloaded from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The expression profile data were classified into high and low expression groups according to the median value of CMTM6 expression. Pan-cancer analysis of CMTM6 protein expression in 20 tumor types was performed using the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/).



Pan-Cancer Analysis of CMTM6 Copy Number Alterations and Mutations

The cBio cancer genomics portal (http://cbioportal.org) is an open-access resource capable of analyzing genomic alterations from various cancer samples (11). We used cBioPortal to identify frequencies of CMTM6 copy number alterations and mutations.



Tumor Mutational Burden Estimates

Mutation annotation files were downloaded using the TCGAbiolinks package in R. Somatic mutation calling was performed using the MuTect2 pipeline [Genome Analysis Toolkit (GATK), Broad Institute, Cambridge, MA, USA]. The read.maf function was used to read somatic variants of each sample. The tumor mutational burden (TMB) was defined as the number of somatic variants per megabase of genome (12).



PD-L1 Protein Expression

PD-L1 protein expression data were obtained from 6,944 tumor samples comprising 32 cancer types from The Cancer Proteome Atlas (TCPA) database (https://tcpaportal.org/tcpa/).



Microsatellite Instability

MANTIS is a tool for identifying microsatellite instability in paired tumor-normal patient samples. MANTIS was employed to estimate MSI across 33 cancer types from the TCGA database. The average distance threshold value = 0.4 was used to distinguish microsatellite stable (MSS) tumors from those with high instability (MSI-H) (13).



Tumor Immune Microenvironment Analysis

CIBERSORT was applied to estimate the relative fractions of 22 infiltrating immune cell types in each tumor sample using R package (14). The ESTIMATE algorithm was exploited to infer the immune scores for each sample (15).



Statistical Analysis

Cancer patients were classified into high and low CMTM6 expression subgroups based on the median value of CMTM6 expression. The Wilcoxon test was used to evaluate expression differences between normal and tumor tissues. Overall survival (OS) was calculated using the Kaplan–Meier method, and survival curves were compared using log-rank tests. Pearson analysis was performed to evaluate the correlation between CMTM6 expression levels with checkpoint related genes. All statistical analysis was conducted using R software (version 3.6.1). P value <0.05 was considered statistically significant.




Results


Pan-Cancer CMTM6 Expression

CMTM6 mRNA levels in >10,000 tumor and normal tissue samples were analyzed from the TCGA cohort (Table S1). The results revealed that CMTM6 was upregulated in six [breast invasive carcinoma (BLCA), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), kidney renal papillary cell carcinoma (KIRP), stomach adenocarcinoma (STAD), and thyroid carcinoma (THCA)] and downregulated in six [cholangiocarcinoma (CHOL), kidney renal clear cell carcinoma (KIRC), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), and pheochromocytoma and paraganglioma (PCPG)] cancer types relative to that in normal tissues (Figure 1A).




Figure 1 | CMTM6 expression in human pan-cancer. (A) Differential CMTM6 mRNA expression between tumor and normal tissues in The Cancer Genome Atlas (TCGA) cohort. Red color represents cancer samples and blue color represents normal samples (B). CMTM6 protein expression across 20 cancer types in Human Protein Atlas (HPA). (C) Representative immunohistochemical staining of CMTM6 in HPA. *p < 0.05; **p < 0.01, ***p < 0.001, ****p < 0.0001.



Additionally, we investigated CMTM6 protein expression from the HPA cohort, which presented CMTM6 protein expression in 14 different tumor types. High or medium CMTM6 expression levels were observed in pancreatic adenocarcinoma (PAAD) (75%), LIHC (66.7%), BLCA (63.6%), STAD (63.6%), ovarian serous cystadenocarcinoma (OV) (54.5%), uterine corpus endometrial carcinoma (UCEC) (33.3%), head and neck squamous cell carcinoma (HNSC) (25%), prostate adenocarcinoma (PRAD) (25%), lymphoma (LYMP) (25%), THCA (25%), testicular germ cell tumors (TGCT) (18.2%), breast invasive carcinoma (BRCA) (11.1%), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC) (10%), and COAD (8.3%) (Figures 1B, C). These results indicated CMTM6 may play different roles in cancer progression.



Frequencies of CMTM6 Mutations and Copy Number Alterations in Multiple Cancers

CMTM6 mutations and copy number alterations were investigated using cBioPortal. The results indicated low CMTM6 mutation frequencies in multiple cancer types, with the highest CMTM6 mutation frequency in uterine cancer. Amplification accounted for 0.49% (46/9,477) of the copy number alterations, while insertions and deletions (indels) comprised 0.32% (30/9,477) (Figure 2).




Figure 2 | The frequency of CMTM6 copy number alterations and mutations in multiple cancers.





Association Between CMTM6 mRNA Expression and PD-L1 Protein Expression

We investigated the correlation between expression of CMTM6 mRNA and PD-L1 protein expression using PD-L1 data from the TCPA cohort (Table S2). Our results revealed that CMTM6 mRNA expression was associated with PD-L1 protein expression in BRCA, CESC, CHOL, glioblastoma multiforme (GBM), HNSC, KIRP, sarcoma (SARC), STAD, and uterine carcinosarcoma (UCS) (Figure 3, Figure S1).




Figure 3 | The correlation of CMTM6 expression with PD-L1 protein expression. High CMTM6 expression was positively associated with PD-L1 protein expression in cholangiocarcinoma (CHOL), head and neck squamous cell carcinoma (HNSC), sarcoma (SARC), stomach adenocarcinoma (STAD), whereas, negative correlation was observed in breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), kidney renal papillary cell carcinoma (KIRP), and uterine carcinosarcoma (UCS).





Correlation Between CMTM6 Expression, Tumor Mutational Burden, and Microsatellite Instability

TMB and MSI have been associated with cancer immunotherapeutic response and prognosis. In this study, we assessed TMB across 33 cancer types using the MuTect2 pipeline and found that TMB was the highest for skin cutaneous melanoma (Figure S2). We further evaluated the relationship between CMTM6 expression and TMB and showed that CMTM6 expression was correlated with TMB in COAD, ESCA, acute myeloid leukemia (LAML), LIHC, SARC, and STAD (Figure 4A), while no relationship was observed in the other 27 cancers (Figure S3). Further, we evaluated the association between CMTM6 expression and MSI status in different tumors. Our results indicated that MSI-H occurred the most frequently in UCEC, lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), and COAD (Figure S4), and CMTM6 expression was positively associated with MSI-H in COAD, ESCA, SARC, and STAD. However, CMTM6 expression was negatively correlated with MSI-H in DLBC and OV (Figure 4B).




Figure 4 | Correlation of CMTM6 expression with tumor mutational burden (TMB) and microsatellite high instability (MSI-H). (A) CMTM6 expression was associated with TMB in colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), acute myeloid leukemia (LAML), liver hepatocellular carcinoma (LIHC), sarcoma (SARC), and stomach adenocarcinoma (STAD). (B) CMTM6 expression was associated with MSI-H in colon adenocarcinoma (COAD), lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), esophageal carcinoma (ESCA), ovarian serous cystadenocarcinoma (OV), sarcoma (SARC), and stomach adenocarcinoma (STAD). *p < 0.05; **p < 0.01, ***p < 0.001, ****p < 0.0001.





Relationship Between CMTM6 Expression and Tumor Immune Microenvironment

We investigated the relationship between CMTM6 expression and immune cell infiltrates in the tumor microenvironment using CIBERSORT. The correlation between CMTM6 expression and tumor-infiltrating immune cells differed for different cancers. Interestingly, we found that high CMTM6 expression was positively associated with neutrophil infiltration in 14 cancer types (Figure 5A).




Figure 5 | Relationship between CMTM6 expression and tumor microenvironment factors. (A) Correlation of CMTM6 expression with immune infiltrate subtypes across 33 cancer types. Red color represents positive correlation and blue color represents negative correlation. (B) Correlation of CMTM6 expression and immune scores of 33 different cancer types. *p < 0.05; **p < 0.01, ***p < 0.001, ****p < 0.0001.



We applied the ESTIMATE algorithm to calculate the immune score for each sample in the TCGA cohort. To explore the potential correlation between CMTM6 expression and immune scores, patients were divided into high and low CMTM6 expression groups using the median CMTM6 expression as the cutoff value. CMTM6 expression was positively related to immune score in COAD, DLBC, GBM, HNSC, kidney chromophobe (KICH), KIRC, LAML, brain lower grade glioma (LGG), LIHC, LUAD, LUSC, PCPG, SARC, STAD, THCA, and UCS (Figure 5B). The results suggested that CMTM6 expression was associated with high immune infiltration in some cancer types.



Correlations Between CMTM6 Expression and Immune Checkpoint-Associated Genes

Immune checkpoint-associated genes play an important role in immune escape (16). We further explored correlations between CMTM6 expression and immune checkpoint-associated genes, including IDO1, LAG3, CTLA4, TNFRSF9, ICOS, CD80, TIGIT, CD70, TNFSF9, ICOSLG, CD86, PDCD1, IDO2, CD276, CD40, HHLA2, CD274, CD27, BTLA, CD28, and HAVCR2 across 33 types of cancer from the TCGA cohort. We found that CMTM6 expression was closely related to almost all immune checkpoint-associated genes except for TIGIT in LGG (Figure 6). Furthermore, CMTM6 expression was not associated with most immune checkpoint-associated genes in CESC, CHOL, ESCA, KICH, OV, and UCS.




Figure 6 | Heatmap representation of the correlation between CMTM6 expression and checkpoint-associated genes across 33 cancer types. Red color represents positive correlation and blue color represents negative correlation. *p < 0.05; **p < 0.01; ***p < 0.001.





CMTM6 Is a Prognostic Biomarker in Multiple Cancers

The relationship between CMTM6 expression and patient OS was analyzed using the TCGA cohort. High CMTM6 expression was an unfavorable factor for patient OS in adrenocortical carcinoma (ACC) (p = 0.0023), LGG (p < 0.001), mesothelioma (MESO) (p = 0.048), and PAAD (p = 0.0036) (Figure 7). However, high CMTM6 expression was not associated with prognosis in 29 other cancer types (Figure S5). These results suggested that CMTM6 expression may play a promoter role in ACC, LGG, MESO, and PAAD tumors.




Figure 7 | Association of CMTM6 expression with patient overall survival in pan-cancer. High expression of CMTM6 predicts poor overall survival (OS) of adrenocortical carcinoma (ACC), lower grade glioma (LGG), mesothelioma (MESO), and pancreatic adenocarcinoma (PAAD). Red color represents high CMTM6 expression and blue color represents low CMTM6 expression.






Discussion

Immune checkpoint inhibitor therapy has emerged as a critical treatment option in multiple cancer types (17). However, it is effective in a minority of patients; only 12.6% of all cancer patients benefit from immune checkpoint inhibitors (18). Therefore, exploration of predictive biomarkers for successful treatment or combined strategies is warranted to increase the therapeutic response rate to immune checkpoint inhibitors. Recently, CMTM6 expression was shown to be correlated with an improved response to PD-1 inhibitors (19). Given the crucial role of CMTM6 in tumor-related immune responses, we investigated the association between pan-cancer CMTM6 expression patterns and tumor immune microenvironments. In the present study, we analyzed CMTM6 mRNA and protein expression in multiple cancers using TCGA and HPA cohorts, respectively. We found high heterogeneity in the levels of CMTM6 expression in different cancer types.

Previous studies have shown that PD-L1 protein expression is positively associated with response to anti-PD-1 immunotherapy (20–22). Therefore, fully understanding the regulation mechanism of PD-L1 protein expression is required to improve the efficacy of PD-1/PD-L1 inhibitors. Post-translational regulation is an important mechanism for regulating PD-L1 expression (23). Two recent studies have confirmed that CMTM6 stabilizes PD-L1 protein expression to attenuate T-cell immune surveillance (7, 8). We, thus, evaluated the correlation between CMTM6 expression and PD-L1 protein expression. PD-L1 expression was positively correlated with CMTM6 expression in CHOL, GBM, HNSC, SARC, and STAD, implying that high CMTM6 expression could respond favorably to anti-PD-1/PD-L1 immunotherapy in these tumor types.

Increasing evidence supports TMB as a potential biomarker of immune checkpoint inhibitor response in most cancers (24–26). These studies suggested that a higher burden of non-synonymous mutations in tumors facilitated the increased formation of neoantigens, making the tumor more immunogenic and, thus, improving the clinical response to immunotherapy. In this study, we evaluated the association between CMTM6 and TMB, revealing that CMTM6 expression was not associated with TMB in most cancer types, except in COAD, ESCA, LAML, LIHC, SARC, and STAD. We found that these associations were usually related to cancer type. MSI is caused by the insertion or loss of base pairs in the microsatellite region owing to replication errors. Recent studies have also shown that MSI and/or mismatch-repair deficiency (dMMR) could serve as potential biomarkers and predict the efficacy of immunotherapy, irrespective of cancer type (27). In patients with advanced dMMR or MSI-H cancers treated with pembrolizumab, Le et al. reported that objective response was observed in 53% of patients and 64% of patients experienced 2-year survival (28). The targeted monoclonal antibody nivolumab has also demonstrated effectiveness in dMMR or MSI-H colorectal cancer (29). Based on the importance of microsatellite instability in tumor immunotherapy, we evaluated the MSI status of tumor patients in the TCGA cohort and further analyzed the correlation between MSI-H and CMTM6 expression. We found that CMTM6 expression was positively related to MSI-H in UCEC, DLBC, and COAD. It is worth emphasizing that high CMTM6 expression in these tumors could identify patients who might respond favorably to PD-1/PD-L1 antibody immunotherapy.

Tumor immune infiltrating cells migrate from blood to tumor tissues and play an important role in immune regulation. Increasing numbers of studies have shown that tumor immune infiltrating cells are closely related to the efficacy of immune checkpoint inhibition and prognosis (30–32). To elucidate the relationship between CMTM6 expression and diverse infiltrating lymphocytes, we used CIBERSORT to examine the relative fractions of infiltrating immune cell types across 33 cancer types. We found that these associations depended on tumor type. CMTM6 expression was associated with invasive neutrophils in most tumors. Tumor-associated neutrophils are generally considered to be tumor-promoting agents in many tumor types (33). We speculate that CMTM6 expression may play a role in regulating tumor cells by inducing neutrophil infiltration. Further in vitro and in vivo research is warranted to validate the relationship between CMTM6 expression and neutrophils. A recent study showed that CMTM6 expression was positively associated with M2-like macrophage infiltration in oral squamous cell carcinoma (34). Furthermore, we evaluated the immune score of patients with tumor from the TCGA cohort using the ESTIMATE algorithm and found that high CMTM6 expression was associated with higher immune infiltration score in most tumors. This further demonstrated that changes in CMTM6 expression can affect immune cell infiltration in the tumor microenvironment. However, ex vivo and in vivo studies are required to further support the findings of our study. Recent studies have shown that CMTM6 plays an oncogenic role and is associated with poor prognosis in gliomas, hepatocellular carcinoma, and LUAD (2, 35, 36). However, there is limited information regarding the prognostic value of CMTM6 in other solid cancer types. Our results indicated that high CMTM6 expression was associated with poor clinical prognosis in ACC, GBM, LAML, LIHC, MESO, SARC, THYM, and UVM and that CMTM6 may play a promoting role in tumor progression.



Conclusions

In conclusion, we herein report that CMTM6 is heterogeneously expressed in diverse cancers and its expression is correlated with the tumor immune microenvironment and pan-cancer prognosis. High CMTM6 expression was associated with expression of immune checkpoint-associated genes and poor prognosis in diverse prevailing cancers.

This manuscript has been released as a pre-print at ResearchSquare (Yan Wang et al.) (37).
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Objective: To study the characteristics of the T cell receptor (TCR) repertoire in cancer tissue, peripheral blood and regional lymph nodes (LNs) from patients with papillary thyroid carcinoma (PTC).

Methods: PTC tissue, peripheral blood mononuclear cells (PBMCs) and regional LNs of six patients with papillary thyroid carcinoma were harvested. T cell receptor beta-chain (TCRβ) profiling was performed though high-throughput sequencing (HTS), and IMonitor, MiXCR and VDJtools were used to analyze the characteristics of the TCR repertoire.

Results: The results of IMonitor and those of MiXCR and VDJtools were very similar. The unique CDR3 of TCRβ from LNs was higher than that of PBMCs, and the CDR3 of TCRβ from LNs was higher than that of PTC tissue. Shannon's diversity index, D50, inverse Simpson index_mean and normalized Shannon's diversity index_mean of CDR3 from LNs were higher than those of PTCs and PBMCs. The HEC (high expansion clones) rate of CDR3 sequences at the amino acid level in PTC tissue was higher than that of PBMCs, which was higher than that of LNs. The V-J HEC rate of CDR3 was highest in PTC tissue, followed by PBMCs and LNs.

Conclusion: TCR CDR3 profiling showed differences among and within the PBMCs, PTC tissues and regional LNs of PTC, including unique CDR3, CDR3 HEC at the amino acid level, CDR3 V-J HEC at the amino acid level, Shannon's diversity index and D50. The TCRβ repertoire of PTC tissue, peripheral blood and regional LNs of PTC provide a reference for further study of immunity mechanisms against PTC.

Keywords: papillary thyroid carcinoma, high-throughput sequencing, TCR repertoire, T cell receptor, high expansion clones


INTRODUCTION

As an important part of the adaptive immune system, T cells can recognize potential pathogen-derived or abnormal peptides or epitopes. These peptides or epitopes are presented by the major histocompatibility complex (MHC) molecules on the cell surface of nucleated host cells or antigen-presenting cells and are recognized by T cell receptors (TCRs) on T cells to induce immune responses (1). The cellular immune response to tumor cells depends largely on TCRs and peptide-MHC complex (pMHC). TCRs are heterodimers composed of an α chain and a β chain (encoded by the TRA and TRB genes, respectively) or a γ chain and a δ chain (encoded by the TRG and TRD genes, respectively). The former is the most common, accounting for ~95% of TCRs. During T cell maturation, there is random recombination of gene segments within the variable (V), diversity (D) and joining (J) regions of the TCR gene (VDJ recombination) to generate a large number of TCRs, which can identify many specific antigens. The recombination in TCRs also produces a high degree of diversity, which is present in the V-J gene segment on the TCRα chain and in the V-D-J gene segment on the TCRβ chain. The V region of each chain of a TCR includes three hypervariable complementary-determining (CDR) regions, namely, CDR1, CDR2, and CDR3, of which CDR3 has the highest variability and is the most important region for specific recognition of an antigen (2). The TCR diversity of adults can theoretically be as high as 1018 (3). Therefore, the TCR repertoire is difficult to study and analyze.

The development of next-generation sequencing technology has allowed detailed studies of the immune system. In recent years, some sequencing platforms and analytical software have been developed to assess the TCR repertoire, enabling the discovery and further study of major TCR clones in different tissues and different statuses and providing new ideas for the study of T cell responses in the immune microenvironment in different diseases (4, 5).

In the past 30 years, the incidence of thyroid carcinoma, especially papillary thyroid carcinoma (PTC), has increased worldwide (6). The prognosis of PTC is good because its 20-year survival rate can exceed 90%. The underlying immune mechanism of this less aggressive biological behavior should be further studied. Targeted immunotherapy, such as PD-1 inhibitors for various malignant tumors, is the latest and most effective treatment, but some of them can induce autoimmune thyroid disease (7). The study of the immune repertoire of thyroid carcinoma will help elucidate the possible immune mechanisms mentioned above.

There are few studies about the immune repertoire of thyroid carcinoma. Lu et al. studied the relationship between neoantigens and tumor infiltrating lymphocytes (TILs) of seven noncontiguous cancer foci from a multifocal PTC patient and found that the number of nonsynonymous mutations was positively correlated with the oligoclonal TCRβ repertoire. These researchers suggested that fewer nonsynonymous somatic mutations can lead to clonal expansion of TILs, and tumors with similar mutation profiles have higher overlap of the TCRβ repertoire. Biopsies of multiple loci are required to fully describe the immune response of a multifocal tumor (8). Sun et al. performed immune repertoire sequencing on cancer tissues and adjacent tissues of five PTC patients. The length of the immunoglobulin heavy chain (IGH) CDR3 differed between the two groups. IGHV3-11/IGHJ6, TRBV2/TRBJ1-2 and TRBV2/TRBJ1-1 may be progressive markers of PTC. The Shannon index of cancer tissues is relatively low, while the number of highly amplified clones is relatively high (9). However, no studies have been published on the immune repertoire of regional lymph nodes (LNs) of the thyroid and peripheral blood of PTC patients. In this study, TCRβ CDR3 sequencing was performed on the peripheral blood mononuclear cells (PBMCs), PTC tissue and regional LNs of six PTC patients, and preliminary analysis was performed to provide a reference for further immune-related research.



MATERIALS AND METHODS


Patients and Samples

In this study, six patients were enrolled in the General Surgery Department of Tianjin Medical University General Hospital (Tianjin, China) and underwent thyroidectomy plus central lymph node dissection. These six patients were diagnosed with PTC by analysis of postoperative paraffin sections. None of them had a history of thyroid carcinoma surgery. The specimens of PTC tissues and LNs were split such that half were used for pathological testing, while the other half were used for T cell extraction and further sequencing. Peripheral blood was collected for PBMC preparation and further experiments. This study was approved by the Institutional Review Board of Tianjin Medical University General Hospital. Informed consent was preoperatively provided by all patients.



Cell Isolation and DNA Extraction

PBMC isolation from peripheral blood and lymphocyte isolation from LNs and cancer tissue were performed using density gradient centrifugation technology following the manufacturer's instructions for Human Lymphocyte Separation Medium LTS1077 and LTS1077Z (Tianjin HaoYang Biological Manufacture Co., Tianjin, China), respectively. DNA was extracted from PBMCs and lymphocytes using a TIANamp Genomic DNA Kit (Tiangen Biotech (Beijing) Co., Beijing, China) extraction kits according to the manufacturer's instructions.



Library Construction and Sequencing

In this study, we used PCR to construct the libraries PCR1 and PCR2 inclusively and semiquantitatively. During the first round of PCR1, only 10 cycles were used to amplify CDR3 fragments using specific primers against each V and J gene. In the second round, PCR was performed using universal primers.


PCR1

A total of 600 ng of DNA (used as templates) was amplified after 25 μL of 2×Qiagen Multiplex PCR Master Mix, 5 μL of 5×Q solution, 1 μL of forward primer set pool, and 1 μL of reverse primer set pool were added to form a reaction system by using a Multiplex PCR Kit (Qiagen, Germany). Then, PCR was performed at 1 cycle of 95°C for 15 min, 10 cycles of denaturation at 94°C for 30 s, and 15 cycles of both annealing at 60°C for 90 s and extension for 30 s at 72°C. After a final extension for 5 min at 72°C, the system was cooled to 4°C. The target fragment of multiplex PCR products was purified on magnetic beads (Agencourt No. A63882, Beckman, Beverly, MA, USA).



PCR2

All samples of the PCR1 product were used as templates for a second step of amplification following the addition of 2 μL of communal primers, 25 μL of Phusion master mix prepared using the Phusion® High-Fidelity PCR Kit (New England Biolabs, America), and nuclease-free water to reach a total volume of 50 μL. The reactions were then transferred to a thermal cycler that carried out the following program: one cycle of 98°C for 1 min; 25 cycles of denaturation at 98°C for 20 s, annealing at 65°C for 30 s and extension at 72°C for 30 s; and a final extension at 72°C for 5 min. The samples were then held at 4°C. Size selection was performed by agar gel electrophoresis (400 mA/100 V, 2 h), and target fragments between 200 and 350 bps were retrieved and purified by a QIAquick Gel Purification Kit (Qiagen, Germany). After gel purification, the PCR product was subjected to high-throughput sequencing (HTS) using the Illumina NovaSeq 6000 platform.




Data Analysis

The TCR repertoire analyzing pipeline IMonitor was used to analyze sequencing data, and the default parameters of IMonitor were used for analysis. IMonitor developed by BGI to analyze the TCR repertoire and B cell receptor repertoire of next-generation sequencing technology. IMonitor analyzes and processes data in four steps: basic data processing, V (D) J assignment, structural analysis and statistical visualization. Adaptor sequence and low-quality bases (base quality < 10) were detected and discarded and the PE reads were merged for basic data processing. The V (D) J assignment program takes the BLAST alignment results as input, realigns the sequence to reference from IMGT database for both the non-CDR3 region and the CDR3 region, calculating the alignment score and identity, mismatch number, and alignment length, and then selects the maximal score as the best hit. In structural analysis process, PCR and sequencing error correction were done, then DNA was translated to protein and CDR3 region identified, and the effective data was obtained after filtration. The basic statistics of IMonitor include CDR3 frequency distribution, V-J paring, V/J usage, CDR3 length distribution, CDR3 segmental frequency statistics, etc. And figures were plotted for statistical visualization. One of the important features of IMonitor software is its realignment process. In this process, the CDR3 region uses the M-mismatch expansion model for local comparison, while the non-CDR3 region is used for overall comparison. In addition, this software can correct PCR and sequencing errors and minimize MPCR bias. Moreover, the results of the IMonitor are displayed in intuitive graphs (10).

MiXCR is a universal framework that processes TCR repertoire data from raw sequences to quantitated clonotypes. MiXCR is a very simple, yet fast and accurate tool for T- and B- cell receptor repertoire extraction (11). VDJtools is a software that can analyze output of most commonly used TCR repertoire processing tools. The immune repertoire post-analysis results by VDJtools can be subdivided into several analysis modules, including basic analysis, diversity estimation and repertoire overlap analysis (12). MiXCR v3.0.13 and VDJtools 1.2.1 were also used to analyze the sequencing data (the default parameters were used). The results were generally written in parentheses after the IMonitor results.



Statistical Analysis

R 3.6.2 and GraphPad Prism 8 were used for statistical analysis and drawing. One-way ANOVA was used to compare differences among three groups, and Tukey's multiple comparisons test was used to compare differences between two groups. p < 0.05 was considered statistically significant. In the illustrations in this article, * represents a p-value range of 0.01–0.05, ** represents a p-value range of 0.001–0.01, *** represents a p-value range of 0.0001–0.001, and **** represents a p-value range < 0.0001.




RESULTS


The Basic Characteristics of the TCR Repertoire by IMonitor and by MiXCR and VDJtools

The basic characteristics of the TCR repertoire by IMonitor and by MiXCR and VDJtools are presented in Table 1 and Table 2, respectively. The average raw reads of PBMCs, LNs, and PTC tissues by IMonitor were 8,885,766, 9,024,276, and 8,927,650, respectively, and there was no significant difference among the three groups (one-way ANOVA, p = 0.570), indicating that the sequencing depth was consistent. The average total CDR3 values of PBMCs, LNs, and PTC tissues by IMonitor were 6,515,476, 6,453,444, and 5,272,894, respectively. There was no significant difference among the three groups (one-way ANOVA, p = 0.157), indicating that the removed low-quality and mixed sequences were consistent and that the samples had sequencing consistency. The average reads of PBMCs, LNs, and PTC tissues by MiXCR and VDJtools were 8,116,006, 8,273,136, and 6,520,701, respectively, and there was no significant difference among the three groups (one-way ANOVA, p = 0.7766). The unique CDR3 (diversity) mean values at the amino acid level of the PBMCs, LNs, and PTC tissues by IMonitor (MiXCR and VDJtools) were 28,896 (51,296), 60,492 (106,675), and 7,277 (12,566), respectively, and significant differences were found among the three groups [one-way ANOVA and Tukey's multiple comparisons test, p = 0.0002 (0.0003), Figures 1A,B]. That is, the number of unique CDR3s of the regional LNs was higher than that in the PBMCs, which was higher than that in the PTC tissues. The average lengths of the CDR3 amino acid sequences of the PBMCs, LNs, and PTC tissues by IMonitor were 12.649, 12.492, and 12.623 amino acids, respectively, and there was no significant difference among these groups (one-way ANOVA, p = 0.297). The average lengths of the CDR3 nucleotide sequence of the PBMCs, LNs, and PTC tissues were 45.98, 45.70, and 45.61 amino acids, respectively, and there was no significant difference among these groups (one-way ANOVA, p = 0.6587).


Table 1. The basic characteristic of TCR repertoire by IMonitor.
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Table 2. The basic characteristics of the TCR repertoire by MiXCR and VDJtools.
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FIGURE 1. Comparison of the mean number of CDR3 clonotypes (unique CDR3 or “diversity”) of PBMCs, LNs and PTC tissues (T). One-way ANOVA and Tukey's multiple comparisons test were used. Significant differences were found among the three groups: (A) shows the result of unique CDR3 analyzed followed IMonitor (p = 0.0002), (B) shows the result of “diversity” analyzed followed MiXCR and VDJtools (p = 0.0003). The mean value of unique (“diversity”) CDR3s of LNs [60,492 (106,675)] was higher than that of PBMCs [28,896 (51,296)], and both were higher than that of PTC tissues (T) [7,277 (12,566)]. * represents a p value range of 0.01–0.05, ** represents a p value range of 0.001–0.01.




Diversity

Shannon's diversity index uses information theory to reflect the diversity of communities. The higher the community diversity, the richer the species is, and the higher the evenness, the higher Shannon's diversity index is. D50 is an indicator of the level of diversity, defined as the smallest percentage of different CDR3s that make up at least half of the total CDR3s in a population or subpopulation of immune system cells. The higher the value, the higher the clone diversity is. Inverse Simpson index is the effective number of clonotypes. The higher the index, the more the clonotypes is.

In this study, Shannon's diversity index and D50 of the LNs, PBMCs and PTC tissues by IMonitor were significantly different (one-way ANOVA and Tukey's multiple comparisons test, p < 0.05, Figures 2A,B). Inverse Simpson index_mean and normalized Shannon's diversity index_mean of the LNs, PBMCs and PTC tissues by MiXCR and VDJtools were significantly different (one-way ANOVA and Tukey's multiple comparisons test, p < 0.05, Figures 2C,D. According to the suggestions from the author of VDJtools, the results of re-sampled data were used for between-sample comparisons). The diversity LNs was higher than that of the PTC tissues and the PBMCs, and there was no significant difference between the PBMCs and PTC tissues. The Rarefaction plot by VDJtools indicated that sufficient observations had been made to get a reasonable estimate of diversity. The diversity of LNs was the highest and that of the PTC tissues was the lowest in the plot (Figure 2E).
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FIGURE 2. Comparison of Shannon's diversity index [(A), IMonitor], D50 [(B), IMonitor] The inverse Simpson index_mean [(C), VDJtools] and normalized Shannon's diversity index_mean [(D), VDJtools] of CDR3s among the PBMCs, LNs and PTC tissues (T). Statistical analysis methods: One-way ANOVA and Tukey's multiple comparisons test (Shannon's diversity index: p = 0.0059, D50: p = 0.0017, the inverse Simpson index_mean: p = 0.0006, normalized Shannon's diversity index_mean: p = 0.0197). * represents a p value range of 0.01–0.05, ** represents a p value range of 0.001–0.01, and **** represents a p value range < 0.0001. The median value of the LNs was significantly higher than that of the PBMCs and PTC tissues. Although the median of the PBMCs was higher than that of the PTC tissues, there was no significant difference. (E) is the Rarefaction plot by VDJtools. The plot indicated that sufficient observations had been made to get a reasonable estimate of diversity, and the diversity of LNs was the highest and that of the PTC tissues was the lowest.


The inverse Simpson index_mean and normalized Shannon's diversity index_mean were similar to Shannon's diversity index and D50, of which that of the LNs was higher than that of the PTC tissues and the PBMCs, and there was no significant difference between the PBMCs and PTC tissues (Figure 2).



CDR3 HEC at the Amino Acid Level

The TCR CDR3 clones accounting for more than 0.1% were defined as HECs (high expansion clones) in this study. The PBMC group, LN group, and T group had significant differences in the HEC rate by IMonitor (MiXCR and VDJtools) [one-way ANOVA and Tukey's multiple comparisons test, p = 0.0003 (0.006), Figures 3A,C]. There are 13 (11) CDR3 amino acid sequences shared among the three groups. There were 9 (8) unique CDR3 sequences in the LN group, 151 (143) unique CDR3 sequences in the PBMC group, and 599 (591) unique CDR3 sequences in the PTC group (Figures 3B,D). The number of CDR3 HECs in the cancer tissue sample was higher than that in the peripheral blood sample, and both were higher than that in the LN sample.
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FIGURE 3. Comparison of the HEC number of CDR3 sequences at the amino acid level of the PBMCs, LNs and PTC tissues (T). (A) is a statistical comparison of the HEC rate among the PBMC, LN, and PTC groups by IMonitor (p = 0.0003) [(C) was that result by MiXCR and VDJtools, p = 0.0006]. The statistical analysis methods were one-way ANOVA and Tukey's multiple comparisons test. * represents a p value range of 0.01–0.05, ** represents a p value range of 0.001–0.01, *** represents a p value range of 0.0001–0.001. The HEC rate of CDR3 sequences at the amino acid level of the PTC tissues (T) was higher than that of the PBMCs, which was higher than that of the LNs. (B,D) shows the Venn diagrams of the HECs of the three groups followed IMonitor and VDJtools, respectively.


There were 33 (32) HECs in the LNs by IMonitor (MiXCR and VDJtools). Among the six patients, TGS2019003 had the most LN HECs (9 (8) HECs). No HEC was common to all patients. The CDR3 amino acid sequence ASSTYRDRVNYGYT (CASSTYRDRVNYGYTF) was shared by four patients (TGS2019003, TGS2019004, TGS2019005, TGS2019006). Its corresponding V-J rearrangement was TRBV19/TRBJ1-2; this sequence was not found in the other two patients with non-HEC CDR3 amino acid sequences. And this sequence was also found in the HECs of four patients (TGS2019003, TGS2019004, TGS2019005, TGS2019006) in the PBMCs and PTC tissues. Most LN HECs are unique to each patient. In the LN group, ASKASQGYT (CASKASQGYTF) accounted for ~0.472% (0.441%) of the sample TGS2019006n, which was the highest among the six patients. This sequence was also present in the samples TGS2019006p [1.245% (1.183%)] and TGS2019006t [0.255% (0.251%)] of this patient but not in the HECs of the other five patients in the PBMC group, PTC tissue group and LN group.

There were 222 (214) HECs in the PBMCs by IMonitor (MiXCR and VDJtools). Among the six patients, TGS2019004 had the most PBMC HECs [59 (58) HECs]. No HEC was common to all patients. Two CDR3 amino acid sequences were shared by four patients (TGS2019003, TGS2019004, TGS2019005, TGS2019006): ASSLYGPGNEQY(CASSLYGPGNEQYF), whose corresponding V-J rearrangement was TRBV27/TRBJ2-7, and ASSTYRDRVNYGYT(CASSTYRDRVNYGYTF), whose corresponding V-J rearrangement was TRBV19/TRBJ1-2. Similar to LN HECs, most PBMC HECs are unique to each patient. In the PBMCs, ASSEGTGGGETQY (CASSEGTGGGETQYF) accounted for ~27.461% (26.320%) of the sample TGS2019002p, which was the highest among the six patients, but it was not found in the HECs of the other five patients in the PBMCs, PTC tissues and LNs or in samples TGS2019002t and TGS2019002n of this patient. ASSLEGGVISNQPQH (CASSLEGGVISNQPQHF) [19.153% (18.802%)], ASSLLHEAF (CASSLLHEAFF) [14.386% (14.357%)], and ASSLRDSNTGELF (CASSLRDSNTGELFF) [12.658% (12.496%)] were detected in sample TGS2019003p; all were present in this patient's sample TGS2019003t. These three peptides were not present in sample TGS2019003n or in the HECs of the other five patients in the PBMCs, PTC tissues and LNs.

There were 673 (737) HECs in PTC tissues by IMonitor (MiXCR and VDJtools), and TGS2019006 (TGS2019002) had the most T HECs [148 (146) HECs] among the six patients. No HEC was common to all patients. Similar to LN HECs and PBMC HECs, most T HECs were unique to each patient. There were 13 CDR3 amino acid sequences shared by four patients (TGS2019003, TGS2019004, TGS2019005, TGS2019006). Among them, ASIFPRTYKAF (CASIFPRTYKAFF), ASSESGGSYYNEQ (CASSESGGSYYNEQFF), ASSIGRGNTEAF (CASSIGRGNTEAFF), ASSLFPAGGITGELF (CASSLFPAGGITGELFF), ASSYGFDEQF (CASSYGFDEQFF), ATSKTGTANYGYT (CATSKTGTANYGYTF) did not exist in the HECs of the LNs and PBMCs. In PTC tissues, ASSLQGDTEAF (CASSLQGDTEAFF) accounted for 5.665% (5.506%) of the sample TGS2019001t, which was the highest among the six patients. It also accounted for 0.161% (0.151%) of sample TGS2019002t and 0.110% (0.105%) in sample TGS2019001p. This sequence was not found in TGS2019002p and TGS2019002n or in the HECs of the other four patients in the PBMCs, PTC tissue and LNs. The second sequence is ASGQGSREAF (CASGQGSREAFF) [4.245% (4.119%)] in sample TGS2019005t. The third sequence is SVLTADRGDLRSMNTEAF (CSVLTADRGDLRSMNTEAFF) [3.979% (3.859%)] in TGS2019002t.

For each patient, the number of CDR3 HECs at the amino acid level shared by the PBMC, LN, and PTC samples in each patient was 2–4. The number of unique HECs in the PTC tissue was greater than that in the PBMC samples, and both values were higher than that in the LN samples (Figure 4).


[image: Figure 4]
FIGURE 4. Venn diagram of the HECs of PBMCs, LNs and PTCs from six patients [TGS2019001 (A), TGS2019002 (B), TGS2019003 (C), TGS2019004 (D), TGS2019005 (E), and TGS2019006 (F)]. “-t” indicates PTC tissues; “-n” indicates LNs; “-p” indicates PBMCs. The number of CDR3 HECs at the amino acid level shared by the PBMC, LN, and PTC samples in each patient was 2–4.




CDR3 V-J Recombination of HECs at the Amino Acid Level by IMonitor

The numbers of V-J recombinations of CDR3 at the amino acid level in the PBMCs, LNs, and PTC tissues were 93,297.333, 187,014.167, and 31,787.667, respectively. The differences between these groups were significant (one-way ANOVA and Tukey's multiple comparisons test, p = 0.0002, Figure 5A). The number of V-J recombinations in the LNs was higher than that in the PBMCs, and the numbers of both groups were higher than that of the PTC tissues.
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FIGURE 5. The number V-J rearrangements and V-J HEC-related statistics by IMonitor. (A) shows a comparison of the number of V-J recombinations of CDR3 at the amino acid level in the PBMCs, LNs, and PTC tissues (T). The differences among the three groups were significant (one-way ANOVA and Tukey's multiple comparisons test, p = 0.0002). (B) is a comparison of the V-J HEC rate among the three groups. Statistically significant differences in the V-J HEC rate were found among the three groups (one-way ANOVA and Tukey's multiple comparisons test, p = 0.0013). (C) is a Venn diagram of the number of V-J HECs in the three groups. There were 726 V-J HECs in the three groups in total. * represents a p value range of 0.01–0.05, ** represents a p value range of 0.001–0.01.


Similar to TCR CDR3 HECs at the amino acid level, V-J HECs were defined as the number of V-J recombinations of TCR CDR3 at the amino acid level exceeding 0.1%. There were 726 V-J HECs in PBMCs, PTC tissues and LNs, including 205 V-J HECs in PBMCs, 572 V-J HECs in PTC tissues and 25 V-J HECs in LNs. Eleven V-J HECs were shared in all three groups, 511 unique V-J HECs were in PTC tissues, 144 unique V-J HECs were in PBMCs, and five unique V-J HECs were in LNs (Figure 5C). Significant differences in the V-J HEC rate were found among the three groups (one-way ANOVA and Tukey's multiple comparisons test, p = 0.0013, Figure 5B). The V-J HEC rate of the PTC tissues was highest, followed by that of the PBMCs and LNs.

None of the 25 V-J HECs were shared by all samples in the LN group. TRBV19/TRBJ1-2, corresponding to ASSTYRDRVNYGYT, was present in four patients (TGS2019004, TGS2019005, TGS2019006, TGS2019003) and was also present in these four patients' M samples and PBMC samples. It accounts for 0.318% of sample TGS2019003n, which was the highest. Furthermore, TGS2019003n had the most V-J HECs (8 V-J HECs).

None of the 205 V-J HECs were shared by all samples in the PBMC group. Two V-J HECs were shared by four patients (TGS2019003, TGS2019004, TGS2019005, TGS2019006): TRBV19/TRBJ1-2 (corresponding to ASSTYRDRVNYGYT) (also present in these four patients' M samples and LN samples) and TRBV27/TRBJ2-7 (corresponding to ASSLYGPGNEQY). TGS2019006p had 57 V-J HECs, which was the highest number. The highest V-J HEC rate was 27.301%, and the corresponding V-J recombination was TRBV2/TRBJ2-5 (ASSEGTGGGETQY) in sample TGS2019002p. TRBV2/TRBJ2-5 was not found in the other five patients' V-J HECs.

Nine of 572 V-J HECs were shared by four patients in the PTC tissue group. TGS2019006t had the most V-J HECs with 138 (Figure 6). Among the V-J HECs, TRBV7-9/TRBJ1-1 (ASSLQGDTEAF) had the highest percent in patient TGS2019001t and accounted for 5.451%. It was not found in the V-J HECs of the other five patients' PBMC samples and LN samples.


[image: Figure 6]
FIGURE 6. V-J HEC distribution in each sample of PTC tissue by IMonitor. No V-J HEC was shared in any of the six samples. TGS2019006t had the most V-J HECs with 138.


For each patient, the number of CDR3 V-J HECs at the amino acid level shared by the PBMC, LN, and PTC samples in each patient was 1–3. The number of unique V-J HECs in the PTC tissue was greater than that in the PBMCs, and both numbers were higher than that in the LNs (Figure 7). This finding was similar to CDR3 HECs at the amino acid level.


[image: Figure 7]
FIGURE 7. Venn diagram of V-J HECs of the PBMC, LN, and PTC (T) samples from six patients by IMonitor [TGS2019001 (A), TGS2019002 (B), TGS2019003 (C), TGS2019004 (D), TGS2019005 (E), and TGS2019006 (F)]. The number of shared CDR3 V-J HECs between each patient's PBMC, LN, and PTC samples was 1–3. The number of unique V-J HECs in the PTC sample was greater than that in the PBMC sample, and both numbers were higher than that in the LN sample. “-t” indicates PTC tissues; “-n” indicates LNs; “-p” indicates PBMCs.





DISCUSSION

In this study, TCRβ CDR3 profiling was performed on PBMCs, LNs, and PTC tissue from six patients, and bioinformatics analysis was performed by IMonitor, MiXCR, and VDJtools. The results from IMonitor were generally similar to the results from MiXCR and VDJtools.

The unique CDR3 representing the T cell repertoire richness had significant differences among the three groups (p < 0.05), indicating that the CDR3 categories of LNs were higher than those of the PBMCs, and both values were higher than those of PTC tissues. Moreover, the CDR3 diversity index of the three groups, that is, the Shannon diversity index, D50, Inverse Simpson index_mean, and normalized Shannon's diversity index_mean were significantly different (p < 0.05). The diversity of the LNs was higher than that of the PBMCs and PTC tissues, and there was no significant difference between that of the PBMCs and the PTC tissues. The number of CDR3 HECs and CDR3 V-J HECs at the amino acid level in the PBMCs, LNs, and PTC tissues showed significant differences (p < 0.05). The number of CDR3 HECs and the rate of CDR3 V-J HECs in the PTC tissue was higher than that in the PBMCs, which was higher than that in the LNs. Although there was no significant difference in the total TCRs of the three tissue groups, the unique CDR3 sequences in the lymph node tissues were the highest and were relatively uniform, while the unique CDR3 sequences in the PBMC samples and PTC tissues were relatively few and relatively uneven, especially for the PTC tissues. This finding suggests that certain types of T cells may be generated and activated in PTC tissue and that antitumor immunity occurs directly.

Unique TCRs reflect the richness of TCRs in the sample and partially shows the diversity of TCRs. Some studies have compared the unique TCR CDR3s of cancer tissues with adjacent normal tissues and found that in certain malignant tumors, there were more unique TCR CDR3s in cancer tissues than in adjacent normal tissues, such as colon cancer (13) and breast cancer (14), and it was inferred that more T cells are recruited from the tumor tissue. However, opposite results, such as those in bladder cancer (15) and breast cancer (16), were also reported. The unique CDR3s of LNs were higher than those of peripheral blood and cancer tissues in this study.

TCR CDR3 diversity includes not only evaluating the number of unique CDR3 sequences in a sample but also evaluating the relative abundance of CDR3. Many studies have examined the diversity of TCR clones of different tissues (17, 18). In colon cancer research, the TCR diversity of cancer tissues was lower than that of adjacent tissues (13). The TCR diversity of cancer tissue was higher than that of normal lung tissue in a lung cancer study (19). The difference in TCR diversity between cancer tissues and adjacent tissues or blood samples among different tumor types might be due to the different tumor immune microenvironments. In this study, the TCR CDR3 HECs and the TCR CDR3 V-J HECs of different samples in the same group or from the same patient had very limited overlap. Some studies had similar conclusions. A study that focused on TCR sequencing of ovarian cancer and ascites showed that the TCR sequence of tumor infiltrating T cells and ascites T cells in tumor tissues overlap was very limited, even if the tumor tissue and ascites immune microenvironment in the same patient showed a major difference (18). Lu et al. studied the TCRβ sequencing of different cancer tissues in a patient with multifocal PTC and found that the TCRβ repertoire varied among seven cancer tissues from PTC (8). Their study also indicated that nonsynonymous somatic mutations could induce T cell proliferation and immune checkpoint inhibitors could be a promising therapy. Therefore, besides the intratumor heterogeneity, different T cell proliferation that due to different neoantigens or other Immunogenic antigens derived from somatic mutations may also contribute to the CDR3 diversity of a PTC tissue and may result in higher HEC rate but lower diversity when compared with non-tumor samples. Furthermore, the differences in the PTC tissues, PBMCs or LNs might be related to the inconsistency of HLA typing of each patient. Recognition of antigens by T cells requires the presentation of antigens by HLA. Different HLA types might present different antigens, and the corresponding TCRs for recognition could be different.

TCR diversity of cancer tissues or peripheral blood could also be used as an indicator of prognosis of patients with various cancers (20), such as breast cancer (21), liver cancer (22), nasopharyngeal carcinoma (23), diffuse large B-cell lymphoma (24), malignant melanoma (25), etc. Some studies have suggested that targeted immunotherapy, such as CTLA-4 inhibitors, could promote the reconstruction of TCRs and increase their diversity (26). Therefore, changes in the peripheral blood TCR repertoire may be used to monitor the body's response to immunotherapy. In many types of tumors, a higher degree of T cell infiltration, higher TCR diversity in peripheral blood (27), and lower diversity in tumor-infiltrating TCRs are all related to a better response to immunotherapy (28). High-frequency TCR clones may be T cells that are associated with antitumor immune responses (29). Maybe the CDR diversity in cancer tissue alone is insufficient to explain whether an immune response is more efficient against PTC or not. On the one hand, the relationship between TCR CDR3 diversity of cancer tissues, peripheral blood or LNs and prognosis or immunotherapy of PTC needs further study. On the other hand, antitumor immune responses are believed to occur and are more obvious in cancer tissues (PTC tissues) than in LNs and in peripheral blood (PBMCs) of PTC in this study, which might explain why PTC has a slow progression and good prognosis. And this needs to be confirmed by further experimental research.

Different gene rearrangements could have different lengths of CDR3 sequences. Studies have shown that a shorter CDR3 length is related to CD4+ T cells in thymus tissue (30). CDR3 length distribution may be related to disease. Sun et al. conducted an immune sequencing study on the cancer tissues and paracancerous tissues of 5 PTC patients (9). These researchers found that the length distribution of IGH CDR3 was significantly different between the cancer tissue group and the paracancerous tissue group, while the length of TCRβ CDR3 was not significantly different between the two groups. The length distribution of TCRβ CDR3 in this study was not significantly different among the PTC, PBMC and LN groups in this study, which indicated that the length of TCRβ CDR3 might not be a factor that distinguishes cancer tissues from other tissues in PTC.

The number of V-J recombinations is a key feature that accurately reflects the antigen recognition characteristics of the TCR CDR3. No V-J HEC was shared in any of the six samples within the three groups. Sun et al. found that TRBV2/TRBJ1-2 and TRBV2/TRBJ1-1 were the most common in the PTC group and the adjacent tissue group, and they are considered markers of the progression of PTC (9). V-J recombination as a marker of PTC requires further research.

Many studies have shown that in draining LNs, tumor antigens are presented to T cells by antigen presenting cells for the first time and cause tumor-specific T cell activation and proliferation (16). The degree of TCR overlap between the tumor tissue and the draining LN could be used to estimate the proportion of tumor infiltrating lymphocytes derived from the draining LN (31). Studies have shown that tumor tissue might also show T cell activation (32). In this study, compared with those of the LN tissue, the CDR3 diversity of the tumor tissue was lower, but the CDR3 HECs at the amino acid level were higher, the CDR3 V-J rearrangement at the amino acid level was lower, and the V-J HEC rate was higher, indicating that the activation and amplification of T cells may occur in the tumor microenvironment. In this study, the CDR3 HEC and CDR3 V-J rearrangement at the amino acid level of each patient overlapped more in tumor tissue and peripheral blood than in tumor tissue and lymph node tissue, indicating that activated T cells in tumor tissue might migrate to the blood. These T cells may be tumor immune markers and a tool for tumor immunotherapy.



CONCLUSIONS

We observed differences in the TCR CDR3 characteristics among and within the PBMCs, PTC tissues and regional LNs of PTC patients, including the number of clonotypes, diversity estimation, CDR3 HECs at the amino acid level, CDR3 V-J HECs at the amino acid level. The results of the TCRβ repertoire of cancer tissues, peripheral blood and LN samples of PTC provide a reference for further study.
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Background

The immunosuppressive microenvironment is closely related to tumorigenesis and cancer development, including colorectal cancer (CRC). The aim of the current study was to identify new immune biomarkers for the diagnosis and treatment of CRC.



Materials and Methods

CRC data were downloaded from the Gene Expression Omnibus and The Cancer Genome Atlas databases. Sequences of immune-related genes (IRGs) were obtained from the ImmPort and InnateDB databases. Gene set enrichment analysis (GSEA) and transcription factor regulation analysis were used to explore potential mechanisms. An immune-related classifier for CRC prognosis was conducted using weighted gene co-expression network analysis (WGCNA), Cox regression analysis, and least absolute shrinkage and selection operator (LASSO) analysis. ESTIMATE and CIBERSORT algorithms were used to explore the tumor microenvironment and immune infiltration in the high-risk CRC group and the low-risk CRC group.



Results

By analyzing the IRGs that were significantly associated with CRC in the module, a set of 13 genes (CXCL1, F2RL1, LTB4R, GPR44, ANGPTL5, BMP5, RETNLB, MC1R, PPARGC1A, PRKDC, CEBPB, SYP, and GAB1) related to the prognosis of CRC were identified. An IRG-based prognostic signature that can be used as an independent potentially prognostic indicator was generated. The ROC curve analysis showed acceptable discrimination with AUCs of 0.68, 0.68, and 0.74 at 1-, 3-, and 5- year follow-up respectively. The predictive performance was validated in the train set. The potential mechanisms and functions of prognostic IRGs were analyzed, i.e., NOD-like receptor signaling, and transforming growth factor beta (TGFβ) signaling. Besides, the stromal score and immune score were significantly different in high-risk group and low-risk group (p=4.6982e-07, p=0.0107). Besides, the proportions of resting memory CD4+ T cells was significantly higher in the high-risk groups.



Conclusions

The IRG-based classifier exhibited strong predictive capacity with regard to CRC. The survival difference between the high-risk and low-risk groups was associated with tumor microenvironment and immune infiltration of CRC. Innovative biomarkers for the prediction of CRC prognosis and response to immunological therapy were identified in the present study.
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Introduction

Colorectal cancer (CRC) is one of the most common malignant tumors, and its morbidity and mortality are on the rise worldwide. More than 1 million new cases of CRC are diagnosed globally every year (1), as are approximately 492,000 deaths (2). Although treatment techniques such as surgery, radiotherapy, and chemotherapy have been greatly improved, the prognosis remains poor. In the USA the respective 5-year survival rates of patients who underwent surgery to remove tumors for localized (stage I), regional (stages II and III), and distant (stage IV) CRC were 91.1%, 71.7%, and 13.3% (3). Most patients are at a progressive stage at the time of diagnosis and have thus missed the opportunity to undergo standard treatment, so more precise diagnoses and more effective treatments are urgently needed.

Currently the TNM classification system compiled up by the American Joint Committee on Cancer is the most robust prognostic indicator for stratifying patients (4). It is also used to guide clinical treatment for CRC. Because of tumor heterogeneity however, even patients at the same TNM stage may exhibit different survival times (5). Therefore, other auxiliary indicators are needed to predict prognoses more accurately, and provide an additional basis for therapy choices. Galon et al. (6) first reported that different subgroups of tumor-infiltrating lymphocytes could predict the prognosis of CRC patients in 2006. Numerous studies have subsequently revealed that tumor-infiltrating lymphocytes are closely related to the prognosis of CRC, and the degree of tumor regression after neoadjuvant radiotherapy in patients with locally advanced rectal cancer (7).

The main components of the tumor microenvironment include vascular cells, mesenchymal stem cells, tumor-associated fibroblasts, immune cells, inflammatory cells, and extracellular matrix, among others (8, 9). Most tumor cells express antigens recognized by host CD8+ T cells, but those that evade antitumor immune responses grow progressively (10). In the last decade immunotherapy-based drugs have been intensely investigated in cancer treatment, and immunotherapy has now become an effective therapy for several cancers (11, 12). In CRC immune checkpoint therapy can be effective in tumors that are mismatch-repair-deficient or have high levels of microsatellite instability, but ineffective in tumors that are mismatch-repair-proficient, microsatellite-stable, or have low levels of microsatellite instability (13). Therefore, characterizing the function of immunity in different responsive populations contributes to improving the efficacy of immunotherapy for CRC.

In the current study a CRC immune signature based on 13 prognostic immune-related genes (IRGs) was constructed, and its prognostic efficacy was verified using external validation datasets. The role of abnormal immune infiltration and tumor microenvironment heterogeneity in immunotherapy for CRC was also investigated.



Materials and Methods


Data Processing

The Cancer Genome Atlas (TCGA) CRC expression data, the corresponding phenotype, and survival data were downloaded from the xena database (http://xena.ucsc.edu/). The dataset contained a total of 434 samples, of which 383 were CRC samples and 51 were normal samples. The IRG dataset was downloaded from the ImmPort database (https://www.immport.org/shared/home) and the InnateDB database (https://www.innatedb.com/). After discarding repeated genes the ImmPort database contained 1,811 immune genes and the InnateDB database contained 1,226 immune genes. GSE72970 was downloaded from the Gene Expression Omnibus database to verify the efficacy of the survival prognosis model. GSE72970 contained 124 CRC disease samples. The limma package in R was used to conduct difference analysis on the expression profile data, and p < 0.05 and logFC > 1 as the threshold value were used to identify 4,793 differentially expressed genes (DEGs). A total of 569 IRGs were then identified via the intersection of the ImmPort and InnateDB immune databases and the DEGs.



Functional Enrichment Analysis

Using DAVID (http://david.ncifcrf.gov/), the gene ontology function and CRC IRG pathways were enriched. Gene set enrichment analysis was used for functional analysis of candidate prognostic IRGs in key modules.



Weighted Gene Co-Expression Network Analysis

The co-expression of IRGs in CRC was analyzed via weighted gene co-expression network analysis (WGCNA) using R software. A WGCNA algorithm was used to mine the gene modules that were synergistically expressed, then the correlation between those modules and the sample phenotype was analyzed to identify the modules that were most strongly related to the disease phenotype.



Least Absolute Shrinkage and Selection Operator Analysis

Univariate Cox regression analysis was performed using the “Survival” package (https://CRAN.R-project.org/package=survival, Version:2.41-3), and 16 candidate IRGs associated with CRC prognosis were identified. Least absolute shrinkage and selection operator (LASSO) regression was conducted using the R package “glmnet” (14) to further screen the potential prognostic risk characteristics, and an immune-related CRC prognosis signature was generated. The risk score was then calculated as follows:

	

Coef is the regression coefficient and Exp is the expression value of the corresponding gene in each sample. CRC samples were divided into a high-risk group and a low-risk group based on the median risk score. The significance of the difference between the survival curves in the high-risk group and the low-risk group was tested via Kapan-Meier analysis. The area under the curve (AUC) was calculated to evaluate the predictive efficiency of the model in 1, 3, and 5 years. To verify whether the constructed risk predictor signature was an independent prognostic indicator, univariate analysis of clinical factors for CRC and multivariate Cox regression analysis of risk scores for CRC were performed. To test the predictive power of the prognostic model the GSE72970 dataset was downloaded from the Gene Expression Omnibus cohort to verify the predictive power of the prognostic model via Kaplan-Meier curve analysis and determine the 5-year area under the receiver operating characteristic (ROC) curve.



Transcription Factor-mRNA Interaction Network Construction

Regulatory relationships between transcription factors and mRNA were downloaded from the TRRUST version 2 database (https://www.grnpedia.org/trrust/), and transcription factors with interactional relationships with the prognostic IRGs were screened out. A network incorporating transcription factors and IRGs was built using Cytoscape (15).



Calculation of Immune Score and Matrix Score

Immune cells and stromal cells are two major types of non-tumor components in the tumor microenvironment, and it has been suggested that they are valuable in the diagnosis and prognosis of tumors. Gene expression characteristics of immune cells and stromal cells in the high-risk group and the low-risk group were calculated using the R package ESTIMATE.



Assessment of Proportions of Immune Cell Types

CIBERSORT (http://cibersort.stanford.edu/) was used to characterize cell composition based on the gene expression profile of complex tissues. A characteristic white blood cell gene matrix (LM22) consisting of 547 genes was used to identify 22 immune cell types, including myeloid subsets, natural killer cells, plasma cells, naive and memory B cells, and T cells. CIBERSORT was combined with the LM22 eigenmatrix to estimate the proportions of 22 cell phenotypes in the high-risk group and the low-risk group. The ratio of all estimated immune cell types in each sample adds up to 1.




Results


WGCNA Identified Survival-Related Modules

A total of 4,793 differentially expressed genes were obtained via the limma package in R (Figure 1A), of which 1,574 were upregulated and 3,219 were downregulated (Figure 1B). The immune genes in the immune databases ImmPort and InnateDB were then merged, and 2,668 immune genes were identified. By intersecting the 2,668 immune genes and the 4,793 DEGs, 569 overlapping IRGs were identified (Figure 1C). A heat map of the IRGs is shown in Figure 2A. DAVID analysis indicated that the IRGs were mainly enriched in the Biological process (BP) like delayed rectifier potassium (Figure 2B), were mainly associated with the cellular component post (CC) like synaptic membrane (Figure 2C), were mainly included in molecular function (MF) like lipoprotein particle binding (Figure 2D). In Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis the IRGs were mainly enriched in the mineral absorption region, among others (Figure 2E).




Figure 1 | Differentially expressed genes were identified in The Cancer Genome Atlas (TCGA) analysis. (A) Heatmap of differentially expressed genes in TCGA analysis. (B) Distribution of upregulated and downregulated differentially expressed gene (DEG) in TCGA analysis. (C) Venn diagram depicting common immune-related genes shared by the TCGA dataset, ImmPort database, and InnateDB database.






Figure 2 | Overlapping immune-related genes (IRGs) and functional enrichment analysis. (A) Heatmap of IRGs in The Cancer Genome Atlas. (B) Biological process analysis of IRGs. (C) Cellular component analysis of IRGs. (D) Molecular function analysis of IRGs. (E) Kyoto Encyclopedia of Genes and Genomes analysis of IRGs.



In WGCNA, the optimal threshold value was 4 if the correlational coefficient was > 0.85 (Figures 3A, B). The genes were clustered via the average-linkage hierarchical clustering method, and five modules were obtained (Figure 3C). The blue module were negatively correlated with the disease (Figure 3D).




Figure 3 | Weighted colorectal cancer gene co-expression network. (A) T scale−free fit index of various soft−thresholding powers. (B) Mean connectivity of various soft−thresholding powers. (C) A dendrogram of the differentially expressed genes clustered based on different metrics. (D) Heatmap of associations between module eigengenes and the progression of colorectal cancer. The association of the module and trait is calculated to be between −1 and 1.





Prognostic IRG Acquisition and Its Potential Functions

Sixteen survival-associated IRGs were acquired from the blue module (containing 124 IRGs) via univariate Cox regression (Table 1). In gene set enrichment analysis conducted to further investigate the possible roles of these genes with potential prognostic functions in gene ontology and KEGG pathways, the enriched biological functions identified included cell activation, defense responses, dendritic development, and negative regulation of leukocyte migration. The enriched KEGG pathways included the hedgehog pathway, neuroactive ligand receptor interaction, NOD-like receptor signaling, and transforming growth factor beta (TGFβ) signaling (Figures 4A–H).


Table 1 | General characteristics of colorectal cancer‐specific immune‐related genes.






Figure 4 | Gene set enrichment analysis of 16 prognostic immune-related genes. (A–D) GSEA in gene ontology (GO). (E–H) GSEA in KEGG pathways.





Prognostic IRG Transcriptional Regulatory Factors in CRC

Relationships between transcription factors and mRNA were downloaded from the TRRUST database, and screen out the transcription regulation factors which in relationship with the 16 candidate IRGs. A total of 21 interactional relationships were detected, and they involved the transcription factors TP53, GATA3, and breast-cancer susceptibility gene 1 (BRCA1) (Figure 5).




Figure 5 | Regulatory network constructed based on clinically relevant transcription factors and immune-related genes.





Construction and Verification of Prognostic Classifier Based on IRGs

Sixteen prognostic IRGs were selected for LASSO regression analysis, and 13 genes were used to construct the prognostic classifier; C-X-C motif chemokine ligand 1 (CXCL1), F2R-like trypsin receptor 1 (F2RL1), leukotriene B4 receptor (LTB4R), GPR44, angiopoietin-like 5 (ANGPTL5), bone morphogenetic protein 5 (BMP5), resistin-like beta (RETNLB), melanocortin-1 receptor (MC1R), peroxisome proliferator-activated receptor γ coactivator 1α (PPARGC1A), protein kinase, DNA-activated, catalytic subunit (PRKDC), CCAAT enhancer binding protein beta (CEBPB), synaptophysin(SYP), and GRB2-associated-binding protein 1 (GAB1) (Figure 6A). The regression coefficient of each gene was calculated (Table 2). Risk scores were calculated based on regression coefficients obtained via the LASSO algorithm, and survival times in TCGA corresponding to risk scores were determined (Figures 6B, C). The median risk score was generated to separate the high-risk and low-risk groups. The risk group and the profile of each clinical feature are shown in Figure 6D.




Figure 6 | Construction of the immune-related gene-derived prognostic classifier. (A) Determination of the number of factors via least absolute shrinkage and selection operator analysis. (B) The survival duration and status of patients. (C) The distribution of risk score. (D) A heatmap of immune-related genes and the profile of each clinical feature in the classifier.




Table 2 | Immune-related genes in the prognostic classifier associated with overall survival in the gene set enrichment dataset.



TCGA cohort patients with high risk scores exhibited a lower survival rate than those with low risk scores based on the Kaplan-Meier curve analysis (Figure 7A). In analysis of time-dependent ROC curves to assess the effects of the classifier the AUCs were 0.68 at 1 year, 0.68 at 3 years, and 0.74 at 5 years (Figures 7B–D). In GSE72970 analysis patients with high risk scores exhibited a lower survival rate than those with low risk scores (Figure 7E). The AUC was 0.729 at 5 years (Figure 7F). Univariate and multivariate Cox regression analysis revealed that age, TNM stage, and risk score in the prognosis model were significantly associated with survival (Table 3).




Figure 7 | The distribution of time-dependent receiver operating characteristic (ROC) curves and Kaplan-Meier survival based on the integrated classifier in The Cancer Genome Atlas (TCGA) and gene set enrichment. (A) Kapan-Meier curve of the TCGA cohort. (B–D) ROC curves for 1-year, 3-year, and 5-year survival in the TCGA cohort. (E) Kapan-Meier curve of the gene set enrichment cohort. (F) ROC curve for 5-year survival in the gene set enrichment cohort. ROC, receiver operator characteristic; AUC, the area under the curve.




Table 3 | Univariate and multivariate analyses of prognostic factors and overall survival of colorectal cancer patients in The Cancer Genome Atlas cohort.





Stromal Scores and Immune Scores in the High-Risk and Low-Risk Groups

In GSE72970, stromal scores and the immune scores were significantly higher in the high-risk group than in the low-risk group (Figure 8).




Figure 8 | Associations between immune score, stromal score, and risk score. (A) Stromal scores of the high-risk group and the low-risk group in The Cancer Genome Atlas (TCGA) analysis. (B) Immune scores in the high-risk group and the low-risk group in TCGA analysis.





Leukocyte Subsets in the High-Risk and Low-Risk Groups

The proportions of resting memory CD4+ T cells and eosinophils differed significantly in the high-risk and low-risk groups (Figures 9A, B). In GSE72970 analysis the proportions of naive B cells, memory B cells, plasma cells, CD8+ T cells, CD4+ resting memory T cells, follicular helper T cells, regulatory T cells, resting natural killer cells, and activated natural killer cells differed significantly in the high-risk and low-risk groups (Figures 10A, B).




Figure 9 | Differences between leukocyte subsets in the high-risk group and the low-risk group in The Cancer Genome Atlas (TCGA) cohort. (A) Mean proportions of 22 immune cells in the TCGA cohort. (B) Differential immune cell type expression was observed between the high-risk group and the low-risk group in the TCGA cohort.






Figure 10 | Differences in leukocyte cell subsets between the high-risk group and the low-risk group in the gene set enrichment (GSE) cohort. (A) Mean proportions of 22 immune cells in the GSE cohort. (B) Differential immune cell type expression was observed between the high-risk group and the low-risk group in the GSE cohort.






Discussion

CRC is the third most common cancer in the world, with approximately 1.4 million cases diagnosed worldwide in 2012 (16). Remarkable progress has recently been made in two key areas at the immunology-cancer interface and microenvironment (17), and this may have substantial effects on future CRC diagnoses and treatments. In our study, we identified the prognostic signature based on the thirteen IRGs could categorize CRC patients into two subgroups with statistically different survival outcomes, which was validated in both TCGA and GSE72920 datasets. Additionally, we explored the underlying mechanisms using ESTIMATE and CIBERSORT analysis between risk groups.

Sixteen survival-associated IRGs were acquired from the key module and were significantly enriched in hedgehog signaling, NOD-like receptors and the TGFβ-signaling pathway. Aberrant hedgehog signaling in tumor cells can induce abnormal proliferation and invasion (18), and hedgehog signaling in the tumor microenvironment that targets cancer-associated fibroblasts can lead to angiogenesis (19), fibrosis (20), immune evasion (21), and neuropathic pain (22). Hedgehog-related genetic alterations mostly occur in basal cell carcinoma (85%) and sonic hedgehog-subgroup medulloblastoma (87%), and less frequently in breast cancer, CRC, and gastric cancer (23). NOD-like receptors are a relatively recent addition to the pattern recognition receptor superfamily (24). Increasing evidence suggests that chronic inflammation caused by aberrant NOD-like receptor signaling is a powerful driver of carcinogenesis, genetic mutation, tumor growth, and cancer progression (25). The TGFβ-signaling pathway is one of the important pathways in the tumorigenesis of CRC (26), and TGFβ activation in the tumor microenvironment can promote tumor-stromal interaction and lead to a malignant CRC phenotype and a poorer prognosis (27).

To investigate underlying molecular mechanisms, a transcription factor-mediated network was constructed to identify vital transcription factors that could regulate identified hub IRGs. TP53, GATA3, and BRCA1 were prominent in this network. TP53 can mediate several cellular stress responses such as DNA repair, cell-cycle arrest, and apoptosis, and suppress tumor formation (28). GATA3 is one of six members of the GATA family of transcription factors, and contains zinc-finger DNA binding domains that bind to 5′-(A/T) GATA (A/G)-3′ motifs (29). It regulates the specification and differentiation of various tissue types, and immunohistochemistry for GATA3 expression is primarily used in surgical pathology diagnosis for carcinomas originating from breast (30) or urothelial (31) tissue. BRCA1 and breast cancer 2 (BRCA2) are tumor suppressor genes that control aberrant cell proliferation and prevent tumor development (32). BRCA1 and/or BRCA2 mutation carriers are at a lifetime risk of developing breast cancer of up to 85%, and for ovarian cancer their lifetime risk is reportedly between 20% and 40% (33, 34).

In the present study the 13 IRGs that were strongly associated with CRC prognosis—CXCL1, F2RL1, LTB4R, GPR44, ANGPTL5, BMP5, RETNLB, MC1R, PPARGC1A, PRKDC, CEBPB, SYP, and GAB1—were used in the classifier investigation. Le Rollel et al. (35) reported that human CRC epithelia and myofibroblasts secrete elevated CXCL1 that facilitates blood vessel formation and recruitment of stromal and inflammatory cells, and promotes in vivo tumorigenic growth. There are two types of LTB4R; leukotriene B4 receptor 1 (BLT1) and leukotriene B4 receptor 2. BLT1 is a high-affinity LTB4R that is expressed by various subsets of leukocytes, and is responsible for LTB4-dependent leukocyte migration (36). BLT1 deficiency in Apcmin/+ mice reportedly resulted in increased tumor size and increased numbers of intestinal tumors due to altered microbiota and increased chronic inflammation (37).

The tumor suppressor gene BMP5 has been investigated in myeloma, adrenocortical carcinoma, and breast cancer, and Chen et al. (38) reported that loss of BMP5 is an early event in CRC, and that low BMP5 expression was associated with recurrence and poorer prognoses. The intestinal goblet cell-specific protein RETNLB is markedly over-expressed in a human colon cancer cell line, and its expression is reportedly associated with histological grade of differentiation and lymph node metastasis in CRC patients (39). MC1R expression is associated with a higher risk of melanoma, and has been used as a target in melanoma therapy (40). In another bioinformatic study, MCR1 was one of the five immune genes used in the prognostic risk model of colon cancer (41). PPARGC1A 1α is a prominent regulator of mitochondrial biogenesis and metabolism (42). It has been reported that it can regulate cell proliferation and invasion via the AKT/GSK-3β/β-catenin pathway in human CRC SW620 and SW480 cells (43). PRKDC mediates DNA repair and maintains genomic stability, and it is reportedly upregulated in CRC cancerous tissues compared with normal tissues, and associated with chemoresistance (44). Wang et al. (45) reported that CEBPB is a critical effector of autophagy via regulation of autolysosome formation, and that forkhead box protein O1/CEBPB/nuclear factor kappa B signaling is required for C-C motif chemokine ligand 20 expression to augment chemoresistance in CRC. GAB1 belongs to the Grb2-associated binder family, which includes scaffolding adapter molecules that participate in transducing key signals from multiple receptors such as growth factors, cytokines, and antigen receptors (46). Bai et al. (47) identified GAB1 as a target of miR-409-3p in CRC, and demonstrated its unique function in CRC cell migration and invasion. In the current study, the area under the ROC curve confirmed the satisfactory predictive efficacy of the risk model based on the 13 prognosis-related IRGs identified, and the prognosis model risk score was an independent factor in multivariate Cox analysis. This innovative IRG-derived risk score model provides a new theoretical basis for predicting prognoses in CRC patients, and is expected to be applied in future clinical treatment.

The immune microenvironment affects the progression and prognosis of different cancers. The ESTIMATE algorithm was first presented by Yoshihara et al. (48) in 2013. ESTIMATE algorithm-derived immune scores were calculated in clear cell renal cell carcinoma, and higher immune scores, stromal scores, and ESTIMATE scores were associated with worse survival outcomes, advanced tumor grades and higher pathological stages (49). The same results were evident in patients with lower-grade glioma (50) and gastric cancer (51). In the current study immune scores were significantly higher in the high-risk group and were associated with shorter overall survival. Different degrees of risk may therefore be associated with differences in immune infiltration, and different patients may derive different benefits from immunotherapy.

The level of immune cell infiltration into the tumor is related to tumor growth, progression, and prognosis, and this has been a focus of research in recent years (52, 53). The biological software CIBERSORT developed in 2015 can calculate immune cell composition based on the gene expression profile of complex tissues (54). In the present study the expression profiles of CRC in the high-risk and low-risk groups were used to calculate immune cell compositions using CIBERSORT. In TCGA analysis CD4+ resting memory T cells were significantly higher in the low-risk group. CD4+ memory T cells impede the progression of tumor cells by supporting the proliferation of CD8+ cells, which move to tumor-related tissues and differentiate into effector cells. In one study increased disease-free survival was directly associated with higher proportions of resting and activated CD4+ memory T cells in breast cancer, implying an anti-tumor role of CD4+ memory T cells (55).In gene set enrichment analysis there were higher proportions of memory B cells, activated natural killer cells, CD8+ T cells, follicular helper T cells, and regulatory T cells in the high-risk group, and comparatively larger fractions of naive B cells, resting natural killer cells, CD4+ resting memory T cells, and plasma cells in the low-risk group. Lohr et al. (56) reported that mature plasma cells in tumor tissues were associated with a better prognosis in small cell lung cancer. Flammiger et al. (57) reported that Prostate-specific antigen recurrence‐free survival was lower in patients with higher densities of FOXP3+ regulatory T cells, and that high levels of FOXP3+ regulatory T cells were associated with advanced prostate cancer tumor stage. We conclude that to an extent differences in immune infiltration may explain the differences in prognoses in high-risk and low-risk patients. The limitation of our study is that the cohort did not consisted of patients who treated with immune checkpoint inhibitors, therefore, although we find the potential immune IRGs but it’s not clear if their classification using the immune-related genes are useful for predicting IO therapy in CRC.

In conclusion, in the current study an immune risk score model for CRC was established that could provide effective survival predictions in patients with CRC. Risk score was also significantly associated with immune score, stromal score, and immune cell infiltration. The study generated an alternative tool for survival prediction and treatment guidance in CRC.
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Normal or “good” inflammation process starts from a local cellular response against injury or any infectious agent, with the activation of neutrophils, macrophages, Langerhans cells, dendritic cells, and innate immune cells. Cytokines and chemokines are produced to amplify the local inflammatory process followed by the migration of immune cells to the regional lymph nodes where adaptive immune response is initiated. Systemic inflammation enhances the biological response to mobilize additional cells from central and peripheral immune/hematopoietic system. Local mechanisms to limit inflammation are initiated and lead to healing. During the normal inflammatory process, there is a balance between the production of inflammatory chemokines/cytokines such as Tumor Necrosis Factor (TNF)-α, interleukin (IL)-6 and IL-1 and the production of compounds that limit inflammation and have an immune suppressive effect, such as IL-10 and Transforming Factor (TGF) β. IL-6 and IL-6/soluble IL-6 Receptor (R) complex stimulate liver cells to produce inflammatory proteins, which represents the systemic inflammation response. The magnitude and the duration of the systemic inflammatory response are linked to the cause, under genetic and epigenetic control. Significant inflammation as seen in septic shock, in severe forms of infections or in certain active cancers, represents the “bad inflammation”, correlated with a poor prognosis. In addition, the persistence of a chronic smoldering inflammation may lead to pathological situations which are observed in the majority of inflammatory, degenerative, dysmetabolic, or dysimmune diseases and cancer. Chronic smoldering inflammation is a cross between different pathological situations possibly linked. In addition, within the tumor microenvironment, inflammatory process results from different cellular mechanisms modulated by metabolic and vascular changes. On the contrary, a limited and balanced inflammation initiates the normal immune response, including the adaptive response which amplifies any immunotherapy, including vaccines. Immune checkpoint inhibitors and chimeric antigen receptor (CAR) T-cells are associated with cytokine release syndrome, a clinical risk leading to the use of anti-cytokine drugs. Nowadays, it is time to monitor the dynamic inflammatory process for a better immune precision medicine in both infections and cancer.
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Introduction

Inflammation is an essential and normal biological mechanism for response to an injury in humans. The first historical indications of inflammation, using herbology, was introduced in China by the mythic emperor Shennong, 5,000 years before. Hippocrates recommended extracts of willow bark to limit inflammation conducting to the salicilin identified in 1828 by Johannes Buchner and the chemical synthesis of acetylsalycilic acid by Charles Frédéric Gerhardt in 1853. The first description of the symptoms associated to inflammation, “rubor et tumor cum calore et dolore” was made in the first century by Aulus Cornelius Celsus. In the late 19th century, inflammation associated to infection and the germ theory of disease was particularly introduced by Robert Koch and Louis Pasteur. In the same time, Rudolf Virchow observed infiltrated immune cells where cancer lesions appear in inflammatory tissue. In parallel, cellular aspects of the inflammation process were observed, including neutrophils and macrophages. In 1986, Dvorak defined tumors as “wounds that do not heal” and showed that carcinogenesis and inflammatory conditions have common developmental pathways (1). More recently, the cellular and molecular mechanisms of the local inflammation were identified with a local inflammatory response followed by a regional adaptive immune response and systemic inflammation to amplify the initial biological response.

Inflammation process is a protective response against foreign bodies or injuries, as observed in host tissues. It begins with enhanced vascular permeability of capillaries and leukocyte recruitment through endothelial activity. Normal controlled inflammation leads to healing and specific immune response through the activation of different mechanisms and particularly the antigen presentation with the activation and the maturation of antigen presenting cells. Amplified, uncontrolled, or prolonged inflammatory processes are associated with clinical symptoms and may lead to diseases including cancer. Systemic inflammation is associated to high proliferation rate and poor prognosis in cancer patients. The presence of inflammatory or immune cells within the tumoral microenvironment has been extensively studied particularly in the context of immune therapy aiming to predict clinical response to such treatment. On the contrary, the lack of a normal inflammatory response and/or an amplified immune suppression are also associated with pathological situations. In both sepsis and cancer, biological balance is essential, between a “good inflammatory response” that leads to a specific immune response, and a “bad inflammatory response” which is associated with an immune suppression leading to complications and disease progression. However, inflammatory process is changing over the time, reflecting the degree of the normal or abnormal response of the body. For all of these reasons, the dynamic evaluation of the inflammation process is mandatory in all diseases associated with inflammation. In this review, we discuss the biology of the normal and abnormal inflammatory response, trying to understand both the best analysis and thus, the best therapeutic targeting of such a dynamic by comparing inflammation during infection and cancer.



Clinical Observations


“Good inflammation”: The Beginning of a Normal Immune Response

As observed in Figure 1, the favorable anticancer immune response observed in a particular patient having mantle cell lymphoma with poor prognosis was associated with a transient and limited inflammatory response. This observation illustrates a good inflammatory response which is the beginning of an adaptive immune response, both at cellular and humoral response levels. This controlled and transient inflammatory response is usually observed after vaccination and correlated to the reactogenicity, as described in hepatitis B and Salmonella typhi vaccines, and as shown also in Figure 1 (2–4). Different cytokines are associated with antigen presentation and maturation to cooperate with other immune cells (5). The time course and the magnitude of this inflammatory response included serum interleukin (IL)-6 peaking at 12 h after an effective vaccination, ranging from 6 to 8 pg/mL and equally observed after each dose of vaccine. As expected, C-reactive protein (CRP) serum level peaks at day 1–2, ranging from 4 to 9 mg/L and is correlated with the IL-6 peaks (2). Similarly, interferon-γ and different serum levels of chemokines such as interferon γ induced protein (IP)-10, macrophage inflammatory protein (MIP)-1β and monocyte chemoattractant protein (MCP)-2 were higher after the second dose of the most effective hepatitis B vaccine (2).




Figure 1 | Dynamics of the “good” inflammatory response in a patient with progressive mantle cell lymphoma with leukemic phase and mutated TP53. This patient experienced a complete response after one injection of rituximab followed by a tumor flare syndrome and total disappearance of the leukemic infiltration (no CD19+ cells without mutated TP53 + cells). This patient had a transient C-reactive protein (C-RP) increase in the serum peaking at Day 5, and he is always in complete response at +9 months.





“Bad Inflammation” Is Associated to Abnormal Immune Response

A bad inflammation is an inflammatory response deregulated either in its duration or its amplitude. The cytokine storms observed during sepsis or after chimeric antigen receptor (CAR) T-cell therapy are clinical situations associated with life-threatening and represent an excessive inflammatory response (6–8). The presence of a smoldering chronic inflammation, described in the process of aging named inflammaging, as observed with congestive heart failure or chronic pulmonary disease, greatly reduces the specific immune response as demonstrated with varicella-zoster vaccine (9, 10). This low-level of persistent chronic inflammation has been observed to be associated with generalized atherosclerosis and used for cardiovascular risk stratification (11, 12).



Inflammation and Cancer

Inflammation is a well-known hallmark of cancer. A deregulated inflammatory process could be considered as the cause or consequence of cancer. Infectious diseases and chronic inflammation account for approximately 25% of cancer-causing factors (13). Several infectious agents, including parasites, bacteria, and viruses have been demonstrated to be associated with different cancers through the production of reactive oxygen species (ROS) produced by inflammatory cells as well as epithelial cells, causing DNA damage in addition to epigenetic alterations.

Inflammation is associated with the risk of cancer, but also with the progression or metastatic risks, through different mechanisms such as chronic inflammation, tumor-associated inflammation, therapy-induced inflammation, or epigenetic conditions caused by environmental exposure or nutritional exposure (14). Paraneoplastic syndrome with B symptoms such as fever, sweats, weight-loss, and biological inflammatory symptoms, is correlated with a poor prognosis and advanced disease or metastatic risk (15, 16). In addition, excessive systemic inflammation is associated with immune suppression, thus amplifying the risk of secondary infection or the cancer progression (17).

In mice models, the creation of a local inflammation in the peritoneum leads to the appearance of a plasma cell tumor through the production of IL-6, a survival, and proliferation factor of myeloma cancer cells (18, 19). In plasma cell neoplasia, IL-6 is considered as a paracrine proliferation factor that may become an autocrine factor when the tumor proliferation became independent from the cancer micro-environment (20). IL-6 has been shown to be a survival and/or proliferation factor in certain cancers, such as kidney, ovarian, prostate, and certain types of B-cell lymphopathies, and can therefore be considered a therapeutic target (21). Generally, this very important inflammation is associated with a high proliferation rate of cancer cells which increases chemokine and cytokine production which attract even more immune cells into the cancer microenvironment and lead to tumor cell death and necrosis. The immune microenvironment of the tumor is changing under the pression of different elements, including hypoxia, angiogenesis, tumor mutations, and the production of different chemokines and cytokines in a permanent dialogue between cancer cells and immune surveillance supported by the immune effector cells (22). Hypoxia is associated with a metabolic change of immune cells, from mitochondrial respiration to glycolysis which turns the T-lymphocytes to T-regulator cells (T-reg) which share tolerogenic effects (23). In addition to T-regs, myeloid cells including myeloid derived suppressor cells (MDSC) and neutrophils have been associated with tumor progression and poor prognosis (24, 25). Immune suppression is initiated by the production of a panel of inflammatory cytokines including IL6, IL1, IL10, IL11, and transforming growth factor (TGF) β, mainly produced by macrophages (26). In addition to the changes observed within the cancer microenvironment, circulating MDSC concentrations, neutrophils, and neutrophil:lymphocyte ratio, are correlated with metastatic disease in different cancers such as melanoma, breast, and gastrointestinal cancers (27). The deregulation of different pathways implicated in cancer growth like the loss of tumor suppressors and/or activation of oncogenes influences the formation of an anti-inflammatory microenvironment. Due to the cytokine and chemokine changes, intracellular expression of transcription factors such as NF-κB or STAT3 is activated (28), a situation that is amplified in obesity (29).




Inflammation Processes

The onset of a normal acute inflammatory response requires triggering factors, rapidly followed by a repair phase reflecting the transient nature of this process (Figure 2). The inflammatory process has been particularly studied in the context of bacterial infection. However, there is a common inflammatory response to any injury, with inducers, sensors, mediators, and effectors (30).




Figure 2 | Dynamics of the normal inflammatory response. The inflammatory response is a transient response followed by transient immune suppression and repair period and the initiation of the adaptive immune response.




Inducers

Inducers can be exogenous or endogenous. Exogenous inducers are infectious or non-infectious stimuli and are classified as pathogen-associated molecular patterns (PAMPs) and damage-associated molecular patterns (DAMP) or “alarmins” that are released from damaged cells of the host (31). PAMPs included nucleic acids particularly from viruses or bacteria, proteins such as pilin and flagellin from bacteria, cell wall lipids such as lipopolysaccharide (LPS), lipoteichoic acid from bacteria, or carbohydrates (mannan or glucans) from fungi or bacteria (32). DAMPs are stress-induced proteins such as heat shock proteins (HSP), crystals proteoglycans, mitochondrial components or nuclear proteins such as high mobility group box 1 (HMGB1), several members of the S100 calcium-binding protein family (S100A8, S100A9 and S100A12), histones, and other molecules released when cells are damaged (33). All of these endogenous inducers engage different sensors which are specialized cell-associated recognition molecules of the innate immune system that are activated by the inducers and trigger the production of mediators.



Sensors

The different endogenous inducers of inflammation obtained after necrotic cell death have also different sensors, such as advanced glycation end-product-specific receptor (RAGE) for HMGB1 and S100A12, purinoceptors (including P2X) for ATP binding resulting in K+ ion efflux and cooperate with the NACHT, LRR, and PYD domains containing protein (NALP)3 inflammasome. Such inducers may have crossed or specific activities, like ATP which also activates nociceptors reporting tissue injury to the nervous system, or receptor for RAGE that cooperates with Toll-like receptors (TLRs) (30). There are also soluble of PAMPs, including, pentraxins such as CRP, collectins, ficolins, or complement (C3b) molecules (34, 35). Sensors are expressed by phagocytes, primarily macrophages and neutrophils, dendritic cells (DC), epithelial cells at the barrier of the body, endothelial cells, mast cells, and other types of cells within tissue. Some of these pattern recognition receptors are cell associated including TLRs (1–9), nucleotide oligomerization domain receptors (NOD)-like receptors (NLRs, NOD1-2, inflammasomes), retinoic acid-inducible gene RIG-like receptors (RLRs) (MDA-5), cytosolic DNA sensors (CDSs), C-type lectin-like receptors (CLRs), including mannose receptor, DC-sign, Dectin-1 and 2, scavenger receptors (CD36), N-Formyl met-leu-phe receptors (34).



Mediators

Inducers of inflammation trigger the production of several inflammatory mediators. Many of these mediators are derived from plasma proteins or secreted by cells, mainly resident mast cells, platelets, basophils or macrophages. These mediators have effects on the vasculature and the recruitment of leukocytes and are classified as vasoactive amines, vasoactive peptides, fragment of complement components, lipid mediators, cytokines, chemokines, and proteolytic enzymes (30). Lipid mediators derived from phosphatidylcholine, included eicosanoids and platelet activating factors. In addition to the promotion of inflammation, mediators also initiated tissue repair after injury. Inflammasomes are cytosolic protein platform assembled in response to danger signals. Inflammasome complexes contain a sensor protein, an adaptor protein and a zymogen, procaspase-1 that is activated into an active enzyme, caspase-1. Activated caspase-1 subsequently activates pro-inflammatory cytokines IL-1β and IL-18, and through the activation of gasdermin D, it induces pyroptosis, a highly pyrogenic inflammatory form of death (34, 36, 37).

After DAMP or PAMP activation, neutrophils are activated directly or indirectly through the production of inflammatory mediators such as (C-X-C motif) ligand (CXCL)-1 and CXCL-2 which binds to and activate G-protein-coupled receptors on neutrophils (38).



Effectors

Effectors are all the cells present or called to the initial site of the injury. They include neutrophils, natural killer (NK) cells, monocytes/macrophages and T- and B lymphocytes. This local response is prolonged and amplified by a regional and a systemic inflammatory/immune response as shown in Figure 3.




Figure 3 | Dynamics of the adapted inflammatory/immune response, with a local, regional in the lymph node and systemic processes. DAMPs, damage-associated molecular patterns; PAMPS, pathogen-associated molecular patterns; PDGF, platelet activating factor; LTB4, leukotriene B4; C, complement; IL, interleukin; TNF, tumor necrosis factor; CXCL, chemokine C-X-C- motif ligand; MCP-1, monocyte chemoattractant protein; M, macrophage; NK, natural killer; Mo, monocyte; TGF, transforming growth factor; CARS, compensatory anti-inflammatory response syndrome; SIRS, systemic inflammatory response syndrome; CRP, C-reactive protein; APP, amyloid protein P.



Neutrophils arrive at sites of damage or infection within minutes after migration along chemotactic agents. Intravascular migration of neutrophils starts by “rolling” on the endothelium of blood vessels which is mediated by selectins and followed by chemokine activation through a conformational change of the G protein coupled receptor leading to activation of neutrophil integrins such as very late antigen (VLA)-4 (CD49D/CD29), macrophage-1 antigen (MAC-1, CD11b/CD18), and lymphocyte function-associated antigen 1 (LFA-1, CD11a/CD18) (39). This integrin activation favors the cell adhesion to endothelium through the Immunoglobulin (Ig)-superfamily cell adhesion molecules (ICAMs). They shed microvesicles that include chemotactic signals such as leukotrienes from arachidonic acid from lipid membranes after inflammasome activation (40). Neutrophils have a relatively short life, dying via apoptosis particularly in anti-bacterial activity that include phagocytosis and the production of ROS, proteases, and neutrophil extracellular traps (NETs) (41). NET is a network associating DNA coated with histones, elastase, myeloperoxidase (MPO), and cathepsin G, initially observed in bacterial cell killing and leading to cell death and named lytic NET (42, 43). In addition, it was demonstrated that NET formation can occur independent of cell lysis and subsequent cell death in non-infectious stimuli. In such a non-lytic NET release, this mechanism appears more rapidly in 5 to 60 min as compared to 3 to 5 h for the lytic NET release. This non-lytic NET release is mitochondrial and not nuclear, lacking histones (44). Recently, it was demonstrated that it is not all neutrophils that release NETs, but more particularly the low-density neutrophils, generally CD177 negative and expressing olfactomedin 4 (OLFM4) and which secrete this molecule after the release of NET (45). A recent study has shown that patients with a high percentage of OLFM4+ neutrophils are associated with high risk of septic shock and organ failure (46). In addition, OLFM4 forms complexes with a number of binding molecules included in major signaling pathways such as nuclear factor kappa B (NF-κB) and wingless Int-1 (Wnt), that play main roles in carcinogenesis and inflammation. However, neutrophils are cells difficult to analyze, due to their short life span, their changes after ex vivo manipulations. Recent advances, using automated flow cytometers, have permitted to better analyze neutrophil subpopulations based on their size, nuclei aspect, and the presence of different surface biomarkers including CD62L, C5aR, CD11b, FcγRII, associated with inflammatory/immune activation as well as immune suppression (47). MPO is mainly produced by neutrophils and belongs to the family of heme-containing peroxidases. Its activity involves the production of ROS and is released into extracellular fluid after oxidative stress and inflammatory responses (48). Thus, a controlled MPO release at the site of infection is crucial, and abnormal release or function is associated to different diseases expressing chronic inflammation. Cell-cell interactions between neutrophils, endothelial cells, monocytes, and lymphocytes are essential, with the expression of different molecules interaction including integrins.

Neutrophils and monocytes/macrophages arise from common precursors, and co-express similar antigens and produce similar effector molecules including chemokines, cytokines, oxidants (49). However, they have different activities in the inflammation process, particularly in defense against pathogens. Neutrophils are the first cells present in injured tissue, having higher microbiocidal activity, whereas monocytes/macrophages are recruited later on, and they participate to the initiation of adaptive immune response through digestion and antigen presentation. Monocytes are heterogeneous cells that circulate in peripheral blood, representing a central cell family in the context of innate immunity and inflammation. In humans, three subpopulations of monocytes have been described, including CD14++CD16- classical, intermediate CD14+CD16+, nonclassical CD14-CD16++ monocytes (50). Tissue-resident macrophages have major functions in resolution of inflammation and tissue repair (51). Neutrophils are programmed to quickly die to prevent excessive inflammation. Macrophages act to prolong their survival by producing growth factors such as granulocyte-macrophage colony-stimulating factor (GM-CSF), G-CSF, and tumor necrosis factor alpha (TNF-α) (52). Macrophages are able to acquire either the “M1” pro-inflammatory phenotype or the “M2” anti-inflammatory phenotype (53). M1 macrophages express inducible nitric oxide synthetase and CD40. They produce cytokines such as IL-6 and TNF-α and are particularly active in case of infection (49, 54). M2 macrophages express arginase I and CD206 and produce TGF-β and IL-10 to start tissue repair. Neutrophil heterogeneity and plasticity have been recognized and these cells may differentiate into different subsets that interact and modulate macrophage activity. The activity of neutrophils and the polarization of monocytes/macrophages are associated to metabolic changes due to the energy required and REDOX regulation. Neutrophils are more dependent on glycolysis to provide rapid energy necessary to ROS production. Monocytes first use mitochondrial oxidative phosphorylation and glycolysis depending the phase of the immune response, primarily inflammation and then resolution and tissue repair activation (40).



Inflammation Homeostasy Regulation and Dynamics

The regulation of inflammation takes place in a sequence of initiation, amplification and control of the inflammatory process with a view to repair. The mechanisms present during these different phases bring into play the mediators and cells described previously. The homeostatic regulation maintains the levels of glucose and oxygen concentrations at acceptable range depending the level of inflammation which is extreme in the context of infection and injury, and the lack of any tissue malfunction.

The inflammatory response is a dynamic controlled response. Thus, the analysis of the pathological inflammatory response cannot be conceived of apart from a dynamic study relating to its amplitude and duration. As shown in Figure 4, there are several pathological situations, including the cytokine storm observed during infections, inflammatory cancers generally associated with a poor prognosis or immunoresistance, and persistent chronic inflammation, a risk factor for disease.




Figure 4 | Dynamics: the normal and abnormal inflammatory response. The normal inflammatory/immune response is noted in green. The abnormal inflammatory/immune responses are noted in red, including a high level of inflammation, as observed in septic shock or in cytokine storm, a chronic smoldering inflammation or an excess of immune suppression, named CARS (compensatory anti-inflammatory response syndrome) in infection process.



The pro-inflammatory response is generally self-limited, even in the absence of effective therapy. However, in some patients who develop sepsis, the response is hyper-amplified, associated to a “systemic inflammatory response syndrome” (SIRS) and leads to a compensatory down regulation of the immune system, named “compensatory anti-inflammatory response syndrome” (CARS) (55).

This dynamic aspect has been observed for CRP on a longer period mainly in the context of infection. The slow decline in CRP after inflammatory process, as well as the peak of CRP serum level are associated with longer survival in older hospitalized patients on a 6-month period (56). However, this dynamic CRP evaluation does not take in account of the early and rapid changes in inflammatory process, the delayed response and the half-life of the molecule, thus reflecting a more complex physiological process.




Biomarkers of Inflammation

Biomarkers of the inflammatory response are the mediators and effectors of such a process. Usual cites of choice for these biomarkers have centered on their significance with respect to specific diagnostic settings including infection, cancer, trauma, and other pathological situations. The dynamic aspect introduces a three-dimensional vision, time and therefore its duration, amplitude, and speed of its constitution, making it possible to locate the normal or abnormal nature of this inflammatory response as shown in Figure 4.


Effectors

Neutrophil/monocyte lineage and innate cells are early effector cells particularly after an acute injury, such as infection. Analysis of circulating neutrophils, particularly those expressing CD16bright CD62Ldim and described as precursors of MSDC, as well as subpopulations of monocytes were evaluated by flow cytometry for the early detection of infections or after immune suppression (39). Monocyte Human Leucocyte Antigen (HLA)-DR expression decreases rapidly in correlation to the severity and outcome of the septic shock (57). Dynamic changes of monocyte phenotypes have been demonstrated to be associated with severity of the COVID-19 disease, particularly HLA-DRloCD163hi monocytes were present mainly early in severe disease, while HLA-DRloS100Ahi monocytes dominated the late phase of disease (58). Recent technological advances have made it possible to better understand the phenomenon of trogocytosis, an essential mechanism of intercellular communication, particularly observed with immune cells in cancer as well as in infection (59, 60).



Early Mediators


Cell Surface Molecules Shedding

Upon leukocyte activation with diverse stimuli, adhesion molecules are rapidly shed from cell surface by proteolytic cleavage. Three of them belonging to the selectin family (E-selectin, L-selectin and P-selectin) and two belonging to the immunoglobulin domain superfamily cell adhesion molecules (intercellular adhesion molecule (ICAM)-1, vascular cell adhesion protein (VCAM)-1), were particularly associated with sepsis (61). The soluble form of cell surface CD14 molecule or presepsin, the receptor of lipopolysaccharide (LPS) is also considered as a biomarker for early infection and its severity and prognosis (62).



Chemokines and Cytokines

Among the different cytokines and chemokines produced at the initial phase of the inflammatory process, IL-8, and particularly IL-6 and TNF-α have been extensively studied in inflammatory diseases and infections. They represent the main inflammatory cytokines released in the context of inflammation regardless its cause. IL-6 is a pleiotropic cytokine, with a four-helix bundle structure, having 212 amino acids with a signal peptide of 27 amino acids. Its molecular weight ranges between 21 and 28 kDa, depending on the amount of post‐translational modifications, such as glycosylation and phosphorylation (63). IL-6 is produced by different types of cells, mainly fibroblasts, keratinocytes, monocytes, and macrophages, particularly in early phase of infectious inflammation after stimulation of Toll-like receptors.

In addition to IL-6, monocyte chemotactic protein (MCP)-3 and interferon gamma induced protein (IGP)-10 are early biomarkers of inflammation and have been observed to be excellent predictors for the progression of COVID-19 (64). In bronchoalveolar lavages from patients with severe and critical COVID-19 infection, IL-6 concentration may reach 10,000 pg/mL, 10 to 100-fold higher than that observed in the circulation reflected by the serum CRP concentration. This huge local production of cytokines is probably dependent on both the viral load and the magnitude of the macrophage and neutrophil activation (65).

A normal inflammatory response is followed by the return to a normal situation with immune suppression and repair. Different effectors and mediators are implicated in such a balanced response. Among them, the IL-10 family cytokines are essential to restore the host to an immune quiescent status and tissue homeostasis after inflammatory process. In infection, high levels of serum IL-10 are correlated with mortality in several studies, probably more through the immune suppression status and the risk of secondary infection or in persistent chronic infection particularly observed in mycobacterial or parasite infections (66, 67). In cancer, IL-10 was reported to have paradoxical effects in that both tumor-promoting and tumor-suppressive effects have been observed (68, 69). Thus, dynamic monitoring of serum follow-up of IL-10 in addition to inflammatory proteins and cytokines can provide additional information with regard to the inflammation-immunosuppression balance and its associated risks.




Secondary Inflammatory Molecules

In physiological conditions, IL-6 modulates the transcription of several hepatic genes, particularly CRP (70, 71) and other acute-phase proteins like serum amyloid A (SAA), α1-antichymoptrypsin, fibrinogen, haptoglobin, and hepcidin that is implicated in inflammatory anemia through the blockade of ferropontin 1, an iron transporter (72–74). On the opposite, IL-6 reduces the level of albumin, transferrin, fibronectin, and cytochrome P450, and more recently it was demonstrated that CYP3A4 mRNA expression was most reduced by IL-6 followed by CYP2C9 and CYP2C19 (75).

CRP has been extensively studied as a biomarker of both acute and chronic inflammation. Elevated CRP/IL6 levels in the serum are a hallmark of inflammatory and aggressive cancers, particularly associated with lung, colon, and ovarian cancers (76, 77). In addition, in ovarian cancer, a meta-analysis suggests that high CRP levels superior to 10 mg/L, rather than circulating pro-inflammatory cytokines might contribute to the etiology of ovarian cancer (77). As CRP has a longer half-life, its dosage may represent an easiest dosage than IL-6 measurement for large cohort analysis particularly for risk evaluation (78). However, as CRP has no specificity, the definition of chronic inflammation necessitates a dynamic view using highly sensitive dosage, outside the context of an acute inflammation. In a recent meta-analysis pooling 83,995 participants from 14 studies, elevated CRP using a highly sensitive test has been shown as an independent predictive biomarker of mortality both for all causes with pooled RR at 1.75 (95 CI 1.55–198) and for cancer mortality, particularly in men, with pooled RR at 1.25 (CI 1.13–138) (79). In the Copenhagen General Population Study with approximately 63,500 individuals, those with a high baseline CRP (>3 mg/L) had an 80% greater risk of early death compared with those with low CRP levels (<1 mg/L) (80). Approximately 70% to 90% of colorectal cancer (CRC) arise from adenomatous polyps and it develops trough a gradual accumulation of genetic and epigenetic changes, increasing with age and chronic inflammation associated with obesity, inflammatory bowel diseases, and dysibiosis. CRP has been associated with a higher risk of CRC in some studies, but this correlation could have some biais, or high levels of CRP just represent the resultant of different causes leading to a chronic inflammation (78).

Questions also arise for the different biomarkers as cause or consequence of a cancer status (81). Different gene polymorphisms of CRP and inflammatory cytokines or biological mechanisms implicated in inflammatory process have been explored with heterogeneous concluding data, depending the type of gene polymorphism and the type of cancer, mainly in colorectal cancer (81). In the Rotterdam study, baseline CRP levels are associated to chronic inflammation preceding lung cancer, even after subtracting a 5-year latent period, as well as a single nucleotide polymorphism of CRP variation of CRP gene (82).

In the context of infection, other biomarkers have been extensively studied, including pancreatic stone protein/regenerating protein (PSP/reg) and procalcitonin (PCT). PSP/reg is a lectin-binding protein that was firstly described in pancreas and was shown to activate polymorphonuclear cells. It is considered as an acute-phase protein regulated by cytokines produced in the damaged tissues. Recently elevated serum levels of PSP/reg have been correlated with the severity of infection, particularly in adults and newborns (83). PCT is a member of the calcitonin gene-related peptides and the precursor of the hormone calcitonin. The produced PCT is stored in the Golgi apparatus, explaining the low concentrations observed in the blood circulation. Many cytokines except interferon γ contributed to the up-regulation of CALC-1 observed in all cells of the organism, resulting in the higher levels in bacterial infections. PCT has a half-life of 22-29 h and the secretion in bacterial infections starts to rise 4 h after the onset of infection, peaking at 12–24 h, earlier than CRP which peaks at 2–3 days with a half-life of 12–24 h (84). The intra- and inter-individual variation of PCT concentration in the peripheral blood limits its interpretation as a single dosage, thus needing serial measurements for a dynamic evaluation (85). Several prohormones, such as adrenomedullin, atrial natriuretic peptide, and arginine vasopressin have been associated with pneumonia (86). Triggering receptor expressed on myeloid cells (TREM)-1) is a glycoprotein member of the Ig family which is upregulated during inflammation linked to infection as well as in non-infectious inflammatory conditions (87). TREM-1 is not detectable in healthy individuals but only measured in body fluids in response to infection (55).

However, CRP is the strongest and easiest biomarker, largely diffused and used but also unspecific in lower dosages (under 90 mg/L). Heterogeneity of the quality of the results is partly due to the technique used in the different studies, mainly plasma (or serum, sometimes), sample collection variable from 4 h to 48 h, variation of the frozen materials, all of these technical points impacting on the IL-6 dosage with short-half life and rapid degradation particularly in the serum. The kinetics of the PCT are between that of IL-6 and that of CRP, mainly associated with bacterial infection. A decrease of PCT has been associated with antibiotic prescription, except for high-are risk patients, such as febrile neutropenia.

Thus, there is no ideal biomarker in acute inflammation/infection. Consequently, there is a need for several biomarkers, including biomarkers for cellular activity, dynamic evaluation and particularly the analysis of the balance between the pro-inflammatory and the anti-inflammatory phases. Systemic inflammation is probably deleterious depending its magnitude and/or its persistence as observed in chronic inflammation.

During septic shock and particularly COVID-19 infection, the cytokine storm can cause clinical deterioration at high risk of death, in particular due to the rapidity of its constitution, as measured by IL-6/CRP (88). The dynamic measurement of IL6/CRP is crucial to identify such a critical period, aiming to rapidly control such a clinical situation, generally by administering anti-IL6 or anti-IL6R monoclonal antibodies. In addition, during anti-IL6 therapy, the measurement of CRP represents the main biomarker for defining the efficacy and in particular through the regression curve of this biomarker. Biological efficacy of such therapies is obtained when the circulating CRP is totally abrogated meaning that the bioactive IL-6 is neutralized (89). The optimal CRP regression curve can be determined, knowing its half-life which is above 19 h, and we develop a mathematical model for optimizing such therapy (submitted for publication).

We have established a highly effective protocol and analysis for extended gate FET electronic measurement of the ELISA test using same sandwich-assay approach (90). This methodology was recently developed to measure the levels of CRP in serum from a drop blood (E-Sana SAS, Paris, France). The detection range was optimized for 10 μg/ml cutoff and detection limit observed at 10 ng/ml (submitted to publication). This new Point-of Care rapid immunoassay application will be multiplexed with other inflammatory proteins such as IL-6, opening the way for dynamic analysis of the inflammatory response as well as to explore new zones of the normal fluctuating inflammation.




Inflammatory/Immune Precision Therapy

Serum CRP and SAA levels have demonstrated to be correlated with circulating IL-6 concentration, thus representing also the best surrogate biomarkers for monitoring patients receiving anti-IL-6 treatments (21). Dynamic analysis of the inflammatory biomarkers may contribute to a more personalized immune medicine, monitoring both the risks associated to vaccine and the therapies needed, aiming to reduce inflammation by using anti-cytokine targeting IL-1, TNFα, or IL-6, or to amplify an immune response by using immune adjuvants (91, 92). IL-6 was shown to play a major role in the maturation of DC, maintaining them at an immature status which is associated with tolerance (93). During the early steps of an infection process, the inflammatory response initiates and amplifies the immune response including DC maturation. At a later stage, newly formed immature DCs are locally induced by an immunological scare left-over by inflammation to amplify tolerance (94).

Under therapy such as immune checkpoint inhibitors, anticancer vaccines or combined therapies, systemic inflammation status at baseline predicts the outcome of the patients (95). However, it is difficult to define the prognostic value of IL-6/CRP in these different studies, due to the variability of the methodology used, either below the median or with different subgroups of values (85–87). Finally, it is clear that the lower CRP levels were associated with a better prognosis (96–98). IL-6 mediated STAT3 activation in the tumor microenvironment inhibits functional maturation of DC to activate effector T-lymphocytes, blocking the anticancer immunity leading to a therapeutic blockade of the IL-6 complex (98). IL-6 signaling has been shown to have both pro- and anti-inflammatory activity, first directed to macrophages and T-and B-lymphocytes differentiation and then promoting the resolution of inflammation (99). The usual cis-signaling is restricted to cells having the IL-6Rα, including liver cells and hemopoietic cells. IL-6 trans-signaling represents the circulating complex IL-6/IL-6Rα binding to the ubiquitous membrane gp130 signal transducer, and it has been shown to contribute to anti-tumor adaptive immunity by guiding lymphocyte trafficking to lymph nodes and tumors. So, it appears important to modulate more precisely the inflammation process, particularly in the context of immunotherapy, and not only to limit the toxicity. The use of anti-IL-6 or anti-IL-6R therapies necessitates reviewing the use of these drugs with the search for an immune modulation through precise and dynamic biological monitoring, including the soluble forms of IL-6 receptors as well as the different conformational changes of CRP, monomeric, and pentameric (100).

In addition, anticancer vaccine administration is followed by a significant but transient increase of CRP/IL-6 peaking at 24h (101). Regarding the origin of these circulating proteins, it has been demonstrated that the serum levels of IL-6 originate, at least in part, from the vaccine site (101, 102). Correlation between inflammation level and clinical outcome under immune therapies are controversial with both positive and negative correlation (102, 103). These contradictory data are due to the lack dynamic analysis of inflammation.

In conclusion, the inflammatory response is a normal mechanism to initiate the immune response. Its prognostic impact is known, in particular in the context of an excessive inflammatory response such as cytokine storm, as observed during infections or after CAR T-cell therapy. However, the impact of a good inflammatory response requires dynamic monitoring to observe its time course, amplitude and duration. This dynamic vision will thus make possible to resolve interpretation contradictions, opening the way to a new immune precision medicine both in cancer and infections as shown on Figure 5.




Figure 5 | Optional therapeutic interventions depending the dynamic analysis of the inflammatory and immune response.
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Esophageal squamous cell carcinoma (ESCC) is one of the deadliest solid malignancies and has a poor survival rate worldwide. In this study, we aimed to establish a tumor-infiltrating immune cell-based prognosis signature (IPS) to predict patients’ survival times and aid in the development of targeted therapies or immunotherapies. The abundances of 22 types of immune cells were determined by the CIBERSORT algorithm from ESCC patient gene expression data in the Gene Expression Omnibus (GEO) training set (n = 179) and The Cancer Genome Atlas (TCGA) validation set (n = 95). Then, the IPS was established by using the least absolute shrinkage and selection operator (LASSO) regression method. Kaplan-Meier analysis showed that patients with high IPS scores had significantly worse overall survival times than patients with low IPS scores in both the training set and the validation set (log-rank p = 0.001, and p = 0.050, respectively). Univariate and multivariate Cox regression analyses proved that the IPS was a robust prognostic factor for ESCC, independent of age, sex, tumor node metastasis (TNM) stage, pathology grade, and tumor location. In the mechanistic study, the epithelial-mesenchymal transition (EMT) process was identified by both gene set enrichment analysis (GSEA) and weighted correlation network analysis (WGCNA) as the underlying mechanism by which the IPS affects the prognosis of ESCC. After systematic correlation analyses, we found that M2 macrophages were the only cell type in the IPS significantly correlated with the EMT process. This relationship between M2 macrophage infiltration and the EMT phenotype was also confirmed by our preliminary immunochemistry (IHC) and multiplexed immunofluorescence study. In conclusion, we constructed an IPS that predicts the postoperative prognosis of ESCC patients and uncovered the critical role of M2 macrophages in the interplay between immune status and the EMT phenotype in ESCC.
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Introduction

Esophageal squamous cell carcinoma (ESCC) is one of the most common malignancies posing a severe threat to human health worldwide especially in East Asia. Despite recent improvements in diagnostics and therapeutics, the treatment outcome for ESCC remains poor, with a 5-year overall survival rate of only approximately 20% (1). There is an urgent need to better understand the prognostic factors affecting ESCC to develop novel biomarkers and targeted therapies.

With the rise of revolutionary tumor immunotherapy over the last decade, there is accumulating evidence that tumor cell-extrinsic factors also affect tumor prognosis. Many studies have shown evidence that tumor infiltrating immune cells can secrete and interact with various cytokines and chemokines, facilitate crosstalk between matrix cells and tumor cells, and play critical roles in mediating inflammation or cytotoxicity in the tumor micromilieu, acting as both pro- and antitumor effectors (2). There have been several studies focusing on the impact of immune infiltrating cells on the prognosis of ESCC (3). However, prior immunohistochemistry (IHC)-based cell biomarker studies have a common limitation: only a few routine immune cell biomarkers, most frequently CD3, CD4, CD8, CD45RO, and FoxP3, were investigated (3). Thus, these studies provide only a limited understanding of the vast immune microenvironment scenarios of ESCC. Additionally, the specificity and sensitivity with which a given cell biomarker can identify certain immune cell subtypes are still under debate (4). In addressing these questions, bioinformatics has long played a critical role (5). Many prior well-designed studies adopted bioinformatic methods and successfully revealed the relationships between the immune cell population and phenotypic traits in many types of cancers (6–9). Moreover, ongoing progress in computational methods has enabled higher accuracy in the quantification of the immune cells, greatly aiding in immune-related research of tumors (10–12).

In the present study, by applying bioinformatics methods, the abundances of 22 types of immune cells in ESCC were derived from gene expression data in two independent data sets. An immune cell-based prognostic signature (IPS) was established by the least absolute shrinkage and selection operator (LASSO) method in the training set. The reliability of the constructed IPS was then verified in the independent validation set. We also investigated the possible mechanisms by which the IPS influenced the survival prognosis of ESCC. Our preliminary results showed that the epithelial-mesenchymal transition (EMT) process is closely related to the IPS in ESCC. Additionally, after systematic correlation analyses, we found that M2 macrophages were the only immune cell type in the IPS significantly linked to the EMT process, implicating their possible critical role in the interplay between the EMT process and immune features in ESCC.



Materials and Methods


Data Sources and Processing

After comprehensive data searching, two independent patient cohorts from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases were enrolled in the present study. We downloaded the microarray gene expression profiles of 179 pairs of ESCC tumor tissues and adjacent normal tissues, as well as the corresponding clinicopathological information from the GEO database (http://www.ncbi.nlm.nih.gov/geoprofiles, GSE53625). TCGA RNA-seq data (in FPKM format) for 196 EC samples were downloaded from the University of California, Santa Cruz (UCSC) Xena site (https://xena.ucsc.edu). Of the 196 TCGA samples, 95 samples with a pathology type of ESCC were eligible for further research. Accompanying clinical data, such as sex, age, tumor grade, clinical stage, and survival time, were also downloaded. Then, we obtained proper matrices of gene expression data and clinical data by using R software (R Foundation for Statistical Computing, Vienna, Austria).



Assessment of the Abundances of Tumor-Infiltrating Immune Cells

The CIBERSORT algorithm (10) was applied to evaluate tumor-infiltrating immune cell abundances in ESCC tumor samples. CIBERSORT is an analytical method designed and robustly validated to identify 22 human immune cell types from gene expression data of mixed cell populations, outperforming other methods in noise and unknown mixed content (10, 13). The p-value and root mean squared error (RMSE) were calculated for each sample. Samples with a p-value < 0.05 were enrolled for further research.



Development of the IPS for ESCC

Logistic regression analysis was conducted with LASSO regularization as the variable selection method to identify the IPS that best predicted survival. The LASSO method is a powerful shrinkage and variable selection method for the regression of high-dimensional data (14). As LASSO requires tuning of the parameter λ, which regulates regularization strength, 10-fold cross-validation was used for λ selection in the LASSO regression model. All these processes were performed with the “glmnet” package (14) in R software.



Identification of IPS-Associated Biological Pathways and Processes

In this study, weighted correlation network analysis (WGCNA) (15) was applied to investigate the significantly correlated gene clusters and their relationships with clinical traits in patients with high and low IPS scores. The genes were ranked by the standard deviation of individual gene expression from large to small, and we chose the top 5000 genes for WGCNA, which was performed with the “WGCNA” package in R software (16). The hierarchical clustering function was used to classify genes with similar expression patterns into clusters based on topological overlap matrix (TOM) dissimilarity with a minimum size of 50. A power of β = 12 and a scale-free R2 = 0.95 were set as the soft-threshold parameters to ensure a signed scale-free coexpression gene network (17). The identified genes in related gene clusters were subjected to gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis with the “clusterProfiler” package (18) in R software to elucidate the potential mechanisms.

Gene set enrichment analysis (GSEA), performed using the Molecular Signatures Database (MSigDB) (19), was also applied to identify the gene sets that were significantly enriched between tumor samples with high and low IPS scores. One thousand random sample permutations were applied in the analysis.



IHC and Multiplexed Immunofluorescence Study

The canonical M2 macrophage marker protein CD163 (20) and EMT phenotype markers E-cadherin and vimentin were detected by IHC staining in formalin-fixed, paraffin-embedded (FFPE) tumor specimens from 116 consecutive ESCC patients in our center. IHC staining and IHC score calculation were performed as previously described (21). Briefly, staining was conducted following the immunoperoxidase staining method. Anti-CD163 (clone 10D6, Zhongshan Goldenbridge Biotechnology Co., Ltd., Beijing, China) was diluted 1:100. Both anti-E-cadherin and anti-vimentin antibodies (Cell Signaling Technology Co., Ltd., Danvers, MA, USA) were diluted 1:1000. All IHC slides were examined by two independent pathologists who were blinded to the patients’ clinical information. Three slide fields (×100) were randomly captured. Captured images were processed by using Image-Pro Plus image-processing software (Version 6.0, Media Cybernetics, Inc.) to aid in cell counting and staining density evaluation. Appropriate positive (tumor samples from tissue bank of our center that had previously been shown to express high level of proteins respectively) and negative (substitution of the primary antibody by non-immune immunoglobulin) controls were included in each batch run.

Multiplexed immunofluorescence was performed in some of the typical tumor samples indicated by the IHC staining study. The multiplexed immunofluorescence was performed as previously described (22). Briefly, slides were made using 4-μm thickness of the tumor samples. After pretreatment, relevant primary antibodies targeting CD163, E-cadherin, and vimentin (as described above) were incubated for 2 h at room temperature, then followed by the secondary antibodies and control vector for 20 min. After multiplexing treatment, DAPI (Sigma, D9542) was used to stain the nucleus. The slides were scanned by Vectra 3 high-throughput multiplexed biomarker imaging system (Perkin Elmer).

This study was approved by the Clinical Research Ethics Committee of Nanjing Medical University (2019051). The procedures involving human subjects were in accordance with the Declaration of Helsinki. Based on the retrospective nature and censoring of personally identifiable information in this study, informed consent was waived.



Statistical Analysis

The chi-square test or Fisher’s exact test was used for categorical variables. The t-test or Wilcoxon rank-sum test was used for continuous variables. Kaplan-Meier analysis was used to estimate survival. The log-rank test was used to compare survival between subgroups. Cox proportional hazard regression was used to perform univariate and multivariate analysis. Variables were subjected to multivariate analysis by a stepwise backward elimination procedure using a threshold P-value of < 0.05. For survival interaction analyses, we constructed a multivariate Cox proportional hazard model to compute the hazard ratio (HR) according to the IPS score and potential clinical and pathological factors related to clinical outcome (23). Analysis of the correlation between M2 macrophages and other immune cells in ESCC was performed using the Spearman correlation method by applying the “corrplot” package in R. A two-sided p-value of less than 0.05 was considered to indicate statistical significance.




Results


Baseline Clinical Characteristics of the Enrolled Cohorts

A total of 390 ESCC patients were included in this study. We set the 179 patients in the GEO cohort as the training set due to its larger number of cases. The 95 patients in the TCGA cohort were used as the independent validation set. The 116 patients with ESCC who underwent curative surgery between 2011 and 2013 in our institution (Jiangsu Cancer Hospital, Nanjing, China) were included in the IHC cohort. The mean follow-up times were 60.4, 21.3, and 58.2 months in the training, validation, and IHC cohorts, respectively. The vast majority of patients with ESCC in this study were male. Patients mainly had tumors in tumor node metastasis (TNM) stage II and III. The detailed clinical characteristics of the three independent cohorts of ESCC patients are summarized in Supplementary Table S1.



Derivation of the IPS From the Training GEO Set and Validation in the TCGA Set

In the training set, the abundances of 22 tumor-infiltrating immune cells for each sample were derived using the CIBERSORT algorithm, as shown in Figure 1A and Supplementary Figure S1. Then, using the LASSO regression method, an IPS, which comprised 9 of the 22 types of immune cells, was constructed. IPS score was calculated as follows: IPS = −3.49 * memory B cells + (−2.20) * plasma cells + (−0.85) * T cells CD8 + 9.33 * CD4-naive T cells + 3.68 * resting memory CD4 T cells + 2.61 * M0 macrophages + 4.01 * M2 macrophages + (−1.97) * eosinophils + (−13.91) * neutrophils, as shown in Figures 1B–D. In this model, a higher IPS score was correlated with a higher risk of death. Cell types in the IPS with positive coefficients were positively correlated with a poor prognosis, and those with negative coefficients were positively correlated with a favorable prognosis. Accordingly, patients were ranked into high- and low-risk groups according to IPS score with the median value as the cutoff point. Kaplan-Meier analysis showed that patients with high IPS scores had worse survival than patients with low IPS scores. Additionally, as TNM stage was a robustly established prognostic factor, we found that combining IPS with TNM stage led to more accurate predictive performance, as shown in Figure 2 and Supplementary Table S2.




Figure 1 | Development of an IPS for ESCC. (A) Distribution of 22 infiltrated immune cells in 179 tumor tissues and paired normal tissues of ESCC patients in the GEO training set. Each bar represents the relative proportion of infiltrated immune cells of one tissue. (B, C) Tuning of the parameter λ and determination of the coefficients of corresponding immune cell types in the IPS using the LASSO method. (D) The derived formula for the IPS.






Figure 2 | Distribution of risk stratification based on the IPS model and the survival prediction performance of the IPS in the GEO training set and TCGA validation set. (A) The distribution of survival status and survival time, (B) ranked IPS scores, and (C) heatmap of the abundances of the nine immune cell types involved in the IPS model in the GEO training set. Kaplan-Meier survival curves of patients with low- and high-risk scores using the IPS model (D) and IPS-TNM model (E) in the GEO training set. (F–J) Corresponding figures for the TCGA validation set.



To validate the survival-predicting performance of the IPS constructed in the training set, the IPS score was calculated for each of the 95 samples in the TCGA validation set. Patients were then ranked into high- and low-risk groups according to IPS score using the median value as the cutoff point. Kaplan-Meier survival analysis validated the prognosis-predicting effect of the IPS, as patients with high IPS scores had significantly worse survival than those with low scores. Again, combining the TNM stage with the IPS score showed a better risk-differentiating capability, as shown in Figure 2.



Robustness Analysis of the Prognosis—Predicting Effect of the IPS in ESCC

To assess the robustness of the predictive performance of the IPS in ESCC, univariate and multivariate Cox regression analyses and survival analyses were performed to assess its relationship with clinical-pathological characteristics (23). The univariate and multivariate Cox regression analyses for the training set and validation set are presented in Table 1. The results for both the training set and validation set confirmed that IPS score was an independent prognostic factor for ESCC. Survival analyses of the relationship between IPS and other variables showed that the prognostic effect of the IPS was not significantly modified by any listed variables, as shown in Supplementary Figure S2. Our results proved the strong robustness of the IPS as an independent prognostic signature for ESCC.


Table 1 | Univariate and multivariate Cox regression analyses for overall survival in the GEO training set and TCGA validation set.





The EMT Process Was Associated With the IPS in ESCC

To study the inner mechanisms by which the IPS affects the survival of ESCC patients, two different methods were applied independently. The results of the WGCNA are shown in Figure 3. In module-trait relationship analysis, the brown module was significantly positively correlated with the IPS score, while the green module was significantly negatively correlated with the IPS score. According to GO and KEGG annotation analyses, the most significantly enriched GO terms of the genes in the brown module were mainly related to epithelial cell differentiation and development. The genes from the green module were mainly related to olfactory receptor activity. The GSEA results are also presented in Figure 3. The GSEA results further confirmed the enriched terms of the WGCNA and showed that the immune risk signature/IPS was significantly associated with the EMT process in ESCC. In the mechanistic study, we found that the immune risk signature/IPS was significantly associated with the EMT phenotype in ESCC.




Figure 3 | EMT processes were identified in the mechanistic study of the survival-predictive effect of the IPS. (A) Nine gene coexpression modules were identified by unsupervised clustering in the WGCNA. (B) Interaction relationship analysis of coexpressed genes showed a high-scale independence degree among the nine identified modules in the WGCNA. (C) Heatmap of the correlation between module eigengenes and the disease TNM stage and IPS score. (D, E) Scatter plots of module eigengenes in the green and brown modules. (F, G) Results for the GO annotation of genes in green and brown modules. (H, I) GSEA confirmed that pathways related to the EMT process were enriched in green module genes, and olfactory receptor activity pathways were enriched in brown module genes.





M2 Macrophages were Identified as the Only Immune Cell Type in the IPS Model that were Significantly Correlated with the EMT Phenotype

We further comprehensively investigated the relationship between the IPS score and EMT phenotype. We found a significant positive relationship between the IPS score and the EMT score, a quantitative indicator of the EMT phenotype (5, 24), in ESCC, as shown in Figures 4A, B. Heatmaps of the IPS score, EMT score (24), related clinicopathological features, and 16 canonical EMT genes (24) are presented in Figures 4C,  D. The results from the TCGA validation set independently confirmed the findings.




Figure 4 | The significant positive relationship between the IPS score and the EMT score and the critical role of M2 macrophages in the relationship between the IPS and the EMT process. (A, B) Correlation matrix plots of the correlations between the IPS score, EMT score, and the nine constituent cell types in the IPS in the GEO training set and TCGA validation set. The color of the circle represents the R-squared value of the Spearman correlation analysis. The size of the circle represents the p-value of the correlation; a larger circle represents a smaller p-value, and vice versa. All p-values > 0.001 were filtered from the plots. (C, D) Heatmaps of the expression of sixteen canonical EMT genes, IPS scores, EMT scores, and relative clinicopathological features in the GEO training set and TCGA validation set. (E, F) The correlations between M2 macrophage abundance and the IPS score, EMT score, and expression of 16 canonical EMT genes in the GEO training set and TCGA validation set.



We scrutinized all nine types of immune cells in the IPS model to identify the possible immune cell types dominating the interplay between immune features and the EMT phenotype. After comprehensive correlation analyses, we found that M2 macrophages were the only cell type significantly correlated with the IPS score and EMT score in both the training and validation sets. We further investigated the relationship between M2 macrophage abundance and the gene expression of 16 canonical EMT genes in ESCC. We found that the abundance of M2 macrophages was negatively correlated with the expression of EMT canonical genes CDH1 and DSP and positively correlated with the expression of FN1, VIM, and SNAI1 in both the GEO training set and the TCGA validation set. The results are presented in Figures 4E, F. For the first time, our results showed the possible critical role of M2 macrophages in the interplay between immune features and the EMT process in ESCC.



IHC and Multiplexed Immunofluorescence Analysis of ESCC Samples Confirmed the Close Relationship Between M2 Macrophages and the EMT Phenotype

To validate the relationship between M2 macrophages and the EMT phenotype, IHC staining and Multiplexed immunofluorescence analysis of formalin-fixed, paraffin-embedded ESCC specimens were performed. The basic clinical characteristics of the enrolled IHC cohort are presented in Supplementary Table S1. Representative images of IHC staining for CD163, E-cadherin, and vimentin in two individual patients with high- and low-density CD163-positive cells are presented in Figure 5A. The IHC results showed that the abundance of CD163-positive cells (M2 macrophages) varied significantly among ESCC specimens. Applying the median CD163-positive cell density as the cutoff value, we categorized the tumors into high and low CD163 groups. We found that the IHC score of the EMT marker E-cadherin in the high CD163 group was significantly lower than that in the low CD163 group. Conversely, the IHC score of vimentin in the high CD163 group was significantly higher than that in the low CD163 group.




Figure 5 | IHC (A) and multiplexed immunofluorescence (B) analysis of ESCC samples confirmed the close relationship between M2 macrophages and the EMT phenotype. *p < 0.05 according to a t-test.



The reprehensive images of multiplexed immunofluorescence were presented in Figure 5B. The results of our multiplexed immunofluorescence study confirmed that M2 macrophages are significantly correlated with the EMT phenotype in ESCC. The role of M2 macrophages in regulating the EMT process and affecting the prognosis of ESCC deserves further study.




Discussion

The “seed and soil” theory in malignant tumors, first proposed by Paget in 1989 (25), has been widely recognized and expanded. This theory proposes that the development and progression of tumors depend not only on cytogenetic and epigenetic changes in tumor cells themselves but also on the tumor microenvironment (TME), which contains diverse cell populations, signaling factors, and structural molecules; these components act as the “soil,” supporting the maintenance and growth of the “seeds” in various ways. Recent studies focusing on characterizing the TME in ESCC have provided a glimpse into the vast landscape of factors contributing to the development and progression of ESCC (26–28).

In this study, the abundances of tumor-infiltrating immune cells were derived from gene expression data of ESCC in the GEO training set and TCGA validation set. Then, an IPS to predict the survival of ESCC patients was established by using the LASSO regression method. We applied the median point as the cutoff value, and Kaplan-Meier analysis showed that patients with high IPS scores had a significantly worse overall survival than patients with low IPS scores in both the training and validation sets. The results of univariate and multivariate Cox regression analyses proved that the IPS was a robust prognostic factor for ESCC, independent of age, sex, TNM stage, pathology grade, and tumor location. In the mechanistic study, we performed GSEA and WGCNA separately to determine the underlying pathways and processes by which the IPS components affect the survival of ESCC patients. Our results suggest that EMT, an embryonic program well known for its protumor function, is a crucial component underlying the different prognoses of patients with high and low IPS scores. A higher EMT score was significantly correlated with a higher IPS score, and vice versa. Additionally, the olfactory receptor activity pathway was a significantly misregulated pathway in patients with high IPS risk scores. However, few studies are available about the relationship between the immune phenotype and olfactory receptor activity, which may deserve further research. Further, we scrutinized the roles of all cell components in the IPS in terms of the relationship with the EMT score and IPS score. After systematic correlation analyses, we found that M2 macrophages were the only cell type in the IPS significantly correlated with the EMT score in both the training and validation sets, highlighting the importance of M2 macrophages in the interplay between immune status and the EMT phenotype in ESCC.

In this study, we found a significant relationship between the survival-predicting IPS and the EMT phenotype in ESCC. Although we cannot describe which is the cause or effect, we revealed the interplay between the EMT process and immunity in the TME of ESCC. EMT has been described to have an immune-editing role in the TME of solid tumors. EMT upregulates multiple checkpoint molecules, including PD-L1, which inhibits T cell–mediated cytotoxicity (29), reduces the expression of many adhesion molecules, including E-cadherin, which is a known inhibitory ligand of NK cell receptor (KLRG1) (30) and is linked to the recruitment of macrophages via direct regulation of chemokines, such as CCL2 (31, 32). On the other hand, immune cells, including activated CD8+ T cells, macrophages, and several other immune cell types, can produce TGF-β, a strong promoter of the EMT process, regulating the EMT process in solid tumors (33, 34). The results of our systemic correlation analyses highlight the critical role of M2 macrophages in the relationship between IPS and EMT in ESCC. Macrophages exist on a phenotypic spectrum, ranging from M1 type to M2 type: M1 macrophages are “classically” activated macrophages that mainly produce type I proinflammatory cytokines, present antigens, fight infections and have antitumor properties. M2 macrophages mainly produce type II cytokines and have many protumorigenic attributes (35). Our IHC results were similar to those of other previous studies. Jihong and his colleagues showed by the IHC method that M2 macrophages were positively correlated with vimentin but negatively correlated with E-cadherin in ESCC, suggesting that cancer cells may be reprogrammed by M2 macrophages and transformed into cancer cells with more mesenchymal-like properties (36). To our knowledge, M2 macrophages have recently emerged as an increasingly critical immune regulator in the TME of many types of malignancies (37, 38). Several proteins expressed in M2 macrophages, such as SIGLEC10 (39), SIGLEC15 (40), and PD-1 (41), have been newly identified as important therapeutic targets and have been heavily research. The role of M2 macrophages in the prognosis and immunotherapy response of ESCC patients deserves further study.

Although our results showed that M2 macrophages were the only cell type in the IPS that were significantly correlated with EMT score and that they may play a critical role in the TME of ESCC, we found that the survival-predictive effect of M2 macrophages was not as strong as that of the IPS. Patients with high M2 macrophage infiltration showed slightly but not significantly better overall survival than patients with low M2 macrophage infiltration in the GEO training set, TCGA validation set, and IHC data set, as shown in Supplementary Figure S3. This may be because M2 macrophages are only one of many constituent immune cells of the TME that affect the survival of ESCC patients. For example, studies have shown that high CD8+ T lymphocyte and CD45+ T lymphocyte infiltration levels facilitate antitumor immunity and are associated with significantly improved survival. High-level B cell and plasma cell infiltration are significantly correlated with an improved prognosis in EC and other cancers (26, 42). Antitumor immunity can be attenuated by other immune cell populations, including regulatory T cells and myeloid-derived suppressor cells, and immune checkpoints such as PD-1. In short, these immune cell populations exert both pro- and antitumor immune effects (3, 12, 43–45) and cooperate in the TME to affect the survival of patients with ESCC.

Several other studies have been published on immune-related prognostic signatures in EC (12, 44–47). However, the present study has some uniqueness and advantages. First, some of the available studies have investigated EC without distinguishing the pathological types, which are mainly ESCC and EAC (12, 44). In fact, the pathophysiology, etiology, and genetic background of ESCC and EAC are very different, and it is more reasonable to treat them separately (48). Second, this study focused on signatures based on tumor-infiltrating immune cells, while others focused on immune-related genes (46). This may be more pertinent to an intuitive understanding of the TME in ESCC. Third, the present study enrolled two independent ESCC data sets; the GEO data set included 179 samples from Chinese patients, and the TCGA data set included 95 samples from multinational patients, representing a more diverse genetic background. Finally, the number of samples included in this study is the largest among the available studies (12, 44–47). The robustness of the results in this study was independently proven in both the training and validation sets, ensuring the high reliability of our results.

There are several limitations to this study. First is the retrospective nature of the study. Although we included two completely independent data sets as training and validation cohorts and also included an IHC cohort to validate our findings, further prospective study is required to validate the robustness of the study’s results. Second, although the present study included the largest number of samples in recent studies, the sample sizes in the training set, validation set, and IHC cohort were relatively small. The study of larger cohorts could further refine our results. Third, although bioinformatic methods are powerful tools for immune cell profiling of the TME, detecting multiple immune cells in tumor samples using multicolor IHC or flow cytometry is still needed to verify our results.

In conclusion, we established a novel nine-immune-cell signature as a prognostic biomarker for ESCC patients. In the mechanistic study, we found a close relationship between EMT and the IPS in the TME of ESCC. Additionally, M2 macrophages were identified as the only cell type significantly involved in the interplay between the IPS and EMT, which may deserve further study.
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Supplementary Figure 1 | Violin plot of infiltrated immune cells between tumor tissues and paired normal tissues in the absolute mode of CIBERSORT analysis. The blue color represents the cancer tissues, and the red color represents the paired tumor tissues. The inner violin plot shows the quartile, median, and third quartile.

Supplementary Figure 2 | Relationship between the IPS score and overall survival in ESCC. Log(HR) plots of the overall survival rate in the IPS-high and IPS-low groups are shown. Note: *, ** the number of patients in the subgroup was too small, so the result for the log(HR) plots was beyond the −5 to 5 limit.

Supplementary Figure 3 | The overall survival-predictive effect of M2 macrophages in the GEO training set (A), the TCGA validation set (B), and the IHC set (C).
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Background

Lung squamous cell carcinoma (LUSC) is a major subtype of non-small cell lung cancer. The tumor immune microenvironment (TIME) affects the anti-tumor immune response and the patient’s prognosis, although the TIME in LUSC patients is incompletely understood.



Methods

We retrospectively collected surgical specimens from patients with previously untreated primary LUSC. Histopathological examination was used to identify tumor regions and adjacent regions, and imaging mass cytometry was used to characterize the immune cells in those regions. The results were compared between regions and between patients.



Results

We identified heterogeneity in the TIME on comparing different patients with LUSC, although the tumor region and adjacent region both exhibited an immune response to the tumor. The TIME typically included a large number of infiltrating and activated T-cells, especially CD8+ T-cells, which closely interacted with the tumor cells in the tumor region. There was limited infiltration of B-cells, NK cells, and NKT cells, while the major immune suppressor cells were CD33+ myeloid-derived cells. We also identified a novel population of CD3−CD4+ cells with high expression of Foxp3 and TNFα, which might modulate the tumor microenvironment and play a proinflammatory role in the TIME.



Conclusions

The TIME of LUSC appears to be immunogenic and heterogenous, with predominant infiltration of activated CD8+ T-cells. The interactions between the tumor cells and T-cells facilitate the anti-tumor activity. A novel subpopulation of CD3−CD4+ cells with high TNFα and Foxp3 expression may modulate the tumor microenvironment and play a proinflammatory role.





Keywords: lung squamous cell carcinoma, tumor immune microenvironment, imaging mass cytometry, CD3−CD4+ cells, tumor–immune interaction



Introduction

Lung cancer is the leading cause of cancer-related death worldwide. Lung squamous cell carcinoma (LUSC) accounts for approximately 30% of non-small cell lung cancer (NSCLC) cases and is usually associated with cigarette smoking (1). Unfortunately, chemotherapy and radiotherapy do not substantially affect the prognosis of patients with LUSC (2). Furthermore, only a limited number of patients with advanced LUSC can benefit from targeted therapy. Immunotherapy using immune checkpoint inhibitors (ICIs) has recently improved the survival of patients with advanced LUSC, and changes in the tumor immune microenvironment (TIME) affect the efficacy of and acquired resistance to ICIs therapy (3).

The TIME is a heterogeneous entity that involves various immune cells and a broad spectrum of chemokines and cytokines. Tumor-infiltrating immune cells play a vital role in the tumor–immune interactions and are useful for predicting patient survival. Regardless of pathological classification, a favorable prognosis is expected in lung cancer patients whose TIME includes significant populations of CD8+ T-cells, the M1 subtype of macrophages, tertiary lymphoid structures, B-cells, dendritic cells, and mast cells. In contrast, a poor prognosis is associated with significant populations of regulatory T-cells (Treg cells), the M2 subtype of macrophages, and polymorphonuclear myeloid-derived suppressor cells (MDSCs). Moreover, conflicting results have been reported regarding the prognostic implications of the total numbers of macrophages and Th1 cells in the TIME (4). There is accumulating evidence that tumor-infiltrating lymphocytes (TILs) are a valid biomarker for ICI response and a predictor of survival among patients with NSCLC (1, 5). Furthermore, gene signature data have revealed that higher fractions of resting mast cells and CD4+ T-helper cells are associated with longer overall survival, while higher fractions of M2 macrophages and activated dendritic cells are associated with shorter survival in NSCLC patients (6).

Despite these findings regarding NSCLC, the TIME is incompletely understood in LUSC patients. Early lung squamous carcinogenesis involves a predominant increase in neutrophils and the macrophage subtypes in the LUSC tissues (vs. normal tissues) with a shift from resting to activated CD4+ T-cells (7). There is also evidence that more CD8+ TILs are detected in the tumor nests of LUSC patients, relative to in other types of NSCLC (8). At the molecular level, immune-related gene expression is also correlated with the prognosis of LUSC patients, which includes the gene profile of lymphocytes, NK cells, and macrophages (9–13). However, there is conflicting evidence regarding whether the characteristics of the TIME are associated with the patient’s prognosis (14, 15).

Mass cytometry (cytometry by time-of-flight) is a novel immunophenotyping technique that is similar to flow cytometry, although the antibodies are tagged with heavy metal molecules, which allows for simultaneous detection of multiple cellular markers. In lung adenocarcinoma, mass cytometry has revealed that the TIME has significantly altered T-cell and NK cell components, and that tumor-infiltrating myeloid cells can compromise the anti-tumor function of T-cells (16). Imaging mass cytometry (IMC) can provide additional information regarding cellular localization within tissues and can help clarify the spatial interactions between different cell types (17). In addition, IMC has been used to define the metabolite distribution in a lung adenocarcinoma model (18) and to determine that cancer-associated fibroblasts interact with monocytic myeloid cells to induce immune suppression in the TIME of patients with LUSC (19). Therefore, we used IMC to characterize the TIME’s immune atlas in specimens from patients with primary LUSC, which may help clarify the TIME landscape and explore the cancer–immune interactions. The results also identified a novel population of CD3−CD4+ cells that might modulate the tumor microenvironment.



Methods


Patients and Tissues

This retrospective study evaluated surgical specimens from 12 patients with primary LUSC who underwent surgical resection at the Fujian Provincial Hospital (Fujian, China). The patients had not received chemotherapy, radiotherapy, or immunotherapy before the resection. The patients’ clinical characteristics are summarized in Table 1. PD-L1 expression of the tumor tissues was evaluated with tumor proportion scores using the Ventana PD-L1 (SP142) assay (Table 1). During the follow-up period, hepatic metastases occurred in case 2, 8 months after resection, who received subsequent chemoradiotherapy; case 4 died from tumor recurrence; and the remaining patients survived without tumor recurrence.


Table 1 | Clinical characteristics of the patients with primary lung squamous cell carcinoma.



Archived formalin-fixed paraffin-embedded tissues from the surgical specimens were obtained from the database of the Department of Pathology at the Fujian Provincial Hospital. All samples were anonymized; the study was conducted in accordance with the Declaration of Helsinki, and the study protocol was approved by the local ethics committee (K2018-12-035). All samples were histopathologically confirmed to be primary LUSC according to the 2015 World Health Organization classification system. The TNM staging was defined based on the 8th edition of the TNM classification and staging system for lung cancer (20). All samples were tested negative for EGFR mutations, ALK rearrangements, and ROS1 rearrangements on immunohistochemical staining.



Imaging Mass Cytometry

The formalin-fixed paraffin-embedded sections were evaluated by a pathologist to determine the general boundary between the tumor region and the adjacent region based on hematoxylin and eosin staining (Figure 1A). Two locations (cross-sectional area: 500 μm × 500 μm) within the tumor region and adjacent region were laser-ablated, and data were acquired at 200 Hz for the IMC analysis, which was performed using 21 commercially available antibodies conjugated with metal isotypes (Table 2). As the antibodies targeting Ki-67 and CD127 were conjugated to the same metal isotype, samples from five patients (Cases 1–5) were scanned for Ki-67 expression and the remaining samples (Cases 6–12) were scanned for CD127 expression. Images were acquired using a Hyperion Imaging System (Fluidigm) and preprocessing of the raw data was completed using the related acquisition software (Fluidigm). The IMC acquisition stability was monitored based on interspersed acquisition of an isotope-containing polymer (Fluidigm) and image acquisition was considered successful in all cases. Co-expression of various markers and interactions between different cell types were visually observed using pseudo-color images.




Figure 1 | The tumor immune microenvironment in patients with lung squamous cell carcinoma. (A) A representative formalin-fixed paraffin-embedded section (4×) was subjected to hematoxylin and eosin staining to identify the tumor region (the loop with green lines) and the adjacent region. Locations within the tumor region (orange circle) and the adjacent region (red circle) were ablated for imaging mass cytometry analysis. PhenoGraph analysis (B) and t-distributed stochastic neighbor embedding plots (D) were used to divide the cell populations into 30 clusters in the tumor regions according to phenotypic similarity. PhenoGraph analysis (C) and t-distributed stochastic neighbor embedding plots (E) were used to divide the cell populations into 32 clusters in the adjacent regions according to phenotypic similarity. Neighborhood analysis revealed cell-to-cell interactions between different clusters in the tumor regions (F) and the adjacent regions (G), respectively.




Table 2 | Marker panel for imaging mass cytometry.





Data Analysis


Single-Cell Identification

Acquired data were stored in an original MCD file and were visualized using the Fluidigm MCD viewer (version 1.0). Cell population classifications were identified based on the signal values for different markers, as well as the co-localization of the signals with the cells. A minimum signal threshold of three dual counts was set to exclude nonspecific staining or noise. The original MCD file was then converted to TIFF format using imctools (https://github.com/BodenmillerGroup/imctools). The data were segmented into single cells using Cellprofiler (version 3.1.8) (21), which identified single-cell object masks based on the Fluidigm markers for nuclei and the cell surface (e.g., CD3, CD4, or CD8). The masks contained data regarding the cell’s location and boundaries. However, even with very good segmentation, imaging of tissue segments resulted in single-cell data for tissue slices and overlapping cell fragments that did not always capture the nucleus of a cell. Therefore, nuclei-mismatched signals were occasionally assigned to neighboring cells in densely packed areas, which could rarely lead to data from one cell being assigned to a neighboring cell.



Data Transformation and Normalization

The marker expressions at the single-cell level were measured using histoCAT software (version 1.75) (22), multiplied by a factor of ×107 to yield values that were >1, and then log-transformed. The single-cell data were censored at the 95th percentile to remove outliers, and z-scored cluster mean values were visualized using heatmaps. The t-distributed stochastic neighbor embedding (t-SNE) and PhenoGraph analyses were performed using data that were normalized using Harmony software (23).



Clustering

Single cells were clustered into groups based on their phenotypic similarity using PhenoGraph software (version 2.0) (24). The resulting clusters were aggregated into larger groups based on hierarchical clustering of their mean marker correlations (Euclidean distance and Ward’s linkage). Multiscale bootstrap resampling was used to assess the uncertainty of each subtree (R package pvclust, version 2.0).



Barnes-Hut t-SNE

For visualization, the high-dimensional single-cell data were reduced into two dimensions using t-SNE (a nonlinear dimensionality reduction algorithm). We applied the Barnes-Hut implementation of t-SNE to Harmony-normalized data with default parameters.



Neighborhood Analysis

Significantly enriched or depleted pairwise neighbor–neighbor interactions between cell types were identified using the CellProfiler MeasureObjectNeighbors module and neighborhood functions (https://github.com/BodenmillerGroup/neighbouRhood), which applies a permutation test-based analysis of spatial single-cell neighborhoods. Neighboring cells were defined as those within four pixels (4 µm). The cell-to-cell distance was determined according to a previously reported algorithm to calculate the probability of co-occurrence (25).




Comparisons of Different Cell Subtypes

We estimated the numbers and fractions of each cell subtype within the different regions and for each patient. These results were compared using IBM SPSS Statistics software (version 24.0), with Student’s t-test applied for normally distributed data and the Wilcoxon rank-sum test applied for non-normally distributed data. Differences were considered statistically significant at P-values of <0.05.




Results


Abundant Activated T Cells Were Identified in the TIME and Interacted With Tumor

In the tumor regions, a variety of immune cell components existed in the TIME (Supplementary Figure 1). The cell populations were divided into 30 clusters across all samples (S1–S30) using PhenoGraph analysis (Figure 1B) and a t-SNE plot was generated to visualize the cluster distributions (Figure 1D). Tumor cells with high cytokeratin AE1/AE3 expression were included in clusters S2, S6, and S23. Abundant T-cells had been recruited into the tumor regions, which were mainly CD8+ T-cells that had been activated (mostly CD45RO+, partially IFNγ+) (clusters S24 and S29). Some CD45RA+CD45RO+CD8+ T-cells were observed, which indicated a transition from effector T-cells to memory T-cells. The CD4+ T-cells were also predominantly activated (clusters S12 and S28), although CD25+Foxp3+ Treg cells were dominant in one patient (Case 8). Most patients only had small numbers of infiltrating B-cells, NK cells, and NKT cells, and only one sample exhibited abundant infiltration of B-cells (Case 5). Among the myeloid-derived cells (clusters S3, S4, S5, and S19), a fraction of monocytes/macrophages expressed TNFα, which indicated an activated status. Some CD68+ macrophages expressed both CD11b and CD11c, which reflected an M1-like subtype. A large number of CD33+ cells were also found to constitute the majority of immunosuppressive cells. Some samples included large numbers of CD19+CD33+CD56+ cells with unknown function. The clusters without expression of immune or tumor markers (“cold clusters”) were considered stromal cells, such as vascular endothelial cells and fibroblasts. The neighborhood analysis (Figure 1F) revealed that tumor cells (S23) interacted with CD8+ T-cells (S24 and S29) and CD4+ T-cells (S12), and that CD8+ T-cells (S29) interacted with CD4+ T-cells (S12 and S28) to facilitate the co-activation of both subtypes.

In the adjacent regions, we identified 32 clusters that were distinct from those in the tumor regions (Figures 1C, E). Tumor cells were scattered in the adjacent regions (clusters S23 and S29) and the most common subpopulations of immune cells in the adjacent regions were also activated CD4+ T-cells and CD8+ T-cells (clusters S4, S10, and S15). Similar to the tumor regions, neighborhood analysis in the adjacent regions (Figure 1G) revealed that CD8+ T-cells (S10) interacted with CD4+ T-cells (S15) for co-activation, although there was greater cell-to-cell separation between the tumor cells and T-cells, which suggested a weak tumor–immune interaction.



Heterogeneity Existed in the TIME Between Different Patients

The t-SNE plots revealed heterogeneous distributions of the different cell types in the TIME (both tumor and adjacent regions) between different patients (Figures 2A, B and Supplementary Figures 2 and 3). Tertiary lymphoid structures were identified in seven of the 12 patients (58.3%). Among tumor-infiltrating T-cells, the CD8+ cell count was higher than the CD4+ cell count in eight of the 12 patients (66.7%), equal CD8+ and CD4+ cell counts were observed in three patients (25.0%), and a lower CD8+ cell count was observed in one patient (8.3%).




Figure 2 | Heterogeneity was observed in the tumor immune microenvironment between patients with lung squamous cell carcinoma. The t-distributed stochastic neighbor embedding plots revealed heterogeneous cell distributions in the tumor (A) and adjacent (B) regions between different individuals. The immune microenvironment’s cellular components (tumor cells, immune cells, and stromal cells) varied in the tumor (C) and adjacent (D) regions between individuals. (E) There was no significant difference in T-cell infiltration between the tumor and adjacent regions. (F) More immune cells tended to infiltrate the tumor regions (rather than the adjacent regions) in smokers, relative to in non-smokers. n.s. means no significance.



The numbers of tumor cells, immune cells, and stromal cells were estimated based on the different phenotypes, which revealed broad heterogeneity in the TIME characteristics between different patients (Figures 2C, D). The proportions of T-cells and activated T-cells were not significantly different between the tumor and adjacent regions (Figure 2E), which suggested that the immune response was similar near and relatively far away from the tumor nests. A previous study has indicated that the TIME’s composition is influenced by smoking status (15). Thus, we compared the smokers and non-smokers, which revealed more immune cells infiltrating the tumor regions in smokers (Figure 2F). However, the subpopulations of T-cells with anti-tumor effects were not significantly different between smokers and non-smokers, which is presumably because more immunosuppressive cells were recruited.



A Novel Population of CD3−CD4+ Cells in the TIME

We identified a novel population of CD3−CD4+ cells in the tumor region and the adjacent region, which was characterized by a phenotype of CD3−CD4+Foxp3+CD25−CD127−TNFα+IFNγ−TdT+ (Figure 3). Large amounts of CD3−CD4+ cells were detected in six of the 12 patients (50.0%), although small amounts of CD3−CD4+ cells were detected in four patients (33.3%), and no CD3−CD4+ cells were detected in two patients (16.7%). This lymphoid population did not express CD3 and CD25, which is distinct from canonical Treg cells. The high level of TNFα production in this population also indicated that it had a proinflammatory function, rather than being a cluster of anti-inflammatory cells that resemble CD4+Foxp3+ Treg cells. The CD3−CD4+ population was also distinct from innate lymphoid cells (ILCs), as most human ILC subtypes have constitutive expression of CD127, with the exception of NK cells (26).




Figure 3 | A subpopulation of CD3−CD4+ cells was identified in the tumor immune microenvironment. (A–F) A large population of CD3−CD4+ cells was identified within the adjacent region of a representative patient (Case 5). Cluster 5 predominantly included CD3−CD4+ cells with a phenotype of CD3−CD4+Foxp3+TNFα+IFNγ−. (G, H) Pseudo-color images (500 μm × 500 μm) of the adjacent region in another patient (Case 9) also indicated that this CD3−CD4+ population expressed CD4, Foxp3, and TNFα, without expressing CD3 or CD127.






Discussion

The traditional classification of LUSC is based on the TNM staging system, although patients with the same histological TNM stage can experience significantly different clinical outcomes (4). There is increasing evidence that the TIME is useful for prognostication in various cancer types, although previous studies have frequently used genomic analysis to examine the TIME’s cellular composition. In contrast, IMC can directly evaluate the expression of multiple cellular markers at the single-cell level and facilitate spatial analysis of cell-to-cell interactions.

Our study revealed that the LUSC had an immunogenic TIME, although there was significant heterogeneity in the immune cell composition between different patients. As expected, we observed a large amount of CD45RO+CD8+ T-cells infiltrating into the tumor region and tertiary lymphoid structures. In this context, CD45RO+ T-cells are negatively associated with tumor size, regional metastasis, and TNM stage (27). The lack of B-cells, NK cells, and NKT cells in the TIME suggests that T-cell-mediated cellular immunity played a predominant role in the LUSC patients. In addition, the spatial distribution of different immune cells may influence anti-tumor activity (28), and we observed a strong interaction between tumor cells and T-cells in tumor regions with dense tumor cells, which likely facilitated T-cell activation and anti-tumor activity. Nevertheless, tumor–immune interactions were not detected in the adjacent regions. Although abundant activated T-cells and monocytic cells participate in the anti-tumor immune response, accumulation of CD33+ MDSCs creates a suppressor cell population that helps tumor cells escape immune surveillance (29).

Interestingly, we identified a novel population of CD3−CD4+ cells in the TIME, and we are not aware of any reports that have described this type of cell in the tumor microenvironment. Lymphoid tissue inducer (LTi) cells in the fetal lymph nodes of mice have the CD3−CD4+ phenotype (30), which belongs to the family of ILCs. Furthermore, CD3−CD4+ cells support the formation of secondary lymph nodes and also interact with primed and memory T-cells in mice (31). However, human LTi cells lack CD4 expression (32), while human clonal CD3−CD4+ cells can be found in T-cell lymphomas and lymphoid variants of hypereosinophilic syndrome (33). Normal human subjects were also found to have a population of CD3−CD4+ cells that express TNF and CD127, and this population is expanded in patients with rheumatoid arthritis (34). Interestingly, while this CD3−CD4+ population belongs to the T-cell lineage, it is activated by innate signals, such as IL-7, instead of conventional T-cell receptor signaling (34). Populations of CD3−CD4+ cells can also be found in other autoimmune diseases, including psoriasis, where elevated OX40 expression potentially contributes to the OX40-OX40L interaction and promotes the expansion and survival of effector T-cells (35). The CD3−CD4+ cells in our study were distinct from the subset with high CD127 expression, although IL-7 stimulation can downregulate CD127 expression in CD3−CD4+ cells (34). The expression of Foxp3 also suggests that the CD3−CD4+ cells in our study are a novel subtype without a clearly understood function. Furthermore, because the CD3−CD4+ cells had high expression of TNFα, we speculate that they function as a proinflammatory cell type.

Our study has some limitations. First, the cell population classifications were estimated using the signal intensities for different markers, which may lead to deviation in instances with modest signal intensities. However, we applied a minimum signal threshold of three dual counts, combined with the observation of signal co-localization in IMC images, to warrant that the identified positive signal is maximally reliable. Second, we did not perform functional testing for the CD3−CD4+ population with high levels of TNFα production. This CD3−CD4+ population has not been reported in cancer patients in the literature. As TNFα has dual role of either promoting or inhibiting tumor growth, further studies are needed to characterize the function of this novel cell population in lung cancer. Third, as all patients in our study were in the early stage and most did not experience tumor recurrence so far, we did not investigate the relationship between the immune cell landscape of the TIME and the prognosis of the LUSC patients, which would require a larger sample size and long-term follow-up.



Conclusions

We used IMC to evaluate the characteristics of the TIME in specimens from patients with primary LUSC and to facilitate the understanding of the spatial relationship among different cell types in the TIME. Activated CD8+ T-cells were the predominant cell type infiltrating the tumor bed, which suggested that the anti-tumor immune response mainly involved cell-mediated immunity. The interactions between the tumor cells, CD8+ T-cells, and CD4+ T-cells also appeared to facilitate the anti-tumor activity. The main immunosuppressive population was CD33+ myeloid-derived cells. We identified a novel subpopulation of CD3−CD4+ cells with high TNFα and Foxp3 expression, which might modulate the tumor microenvironment and played a proinflammatory role.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics Statement

The studies involving human participants were reviewed and approved by the ethics committee of Fujian Provincial Hospital. The ethics committee waived the requirement of written informed consent for participation.



Author Contributions

RL, YL, YC, and ZG participated in the design of the study. YL collected the clinical information and specimens. RL, YW, SW and YY analyzed and interpreted the data. RL organized the data and drafted the manuscript. YL, XM, YC and ZG contributed to the revision and editing. All authors contributed to the article and approved the submitted version.



Funding

This study was supported by high-level hospital grants from Fujian Provincial Hospital, Fujian, China (No. 2018GSP008).



Acknowledgments

The authors thank Editage (www.editage.cn) for English language editing.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.620989/full#supplementary-material

Supplementary Figure 1 | Representative pseudo-color images of the different cell types identified using imaging mass cytometry. (A) CD4+ T-cells, (B) CD8+ T-cells, (C) B-cells, (D) regulatory T-cells, (E) natural killer cells, (F) natural killer T-cells, (G) monocytes/macrophages, (H) M1-like macrophages, (I) dendritic cells, (J) CD33+ myeloid-derived cells, (K) CD19+CD33+CD56+ cells, and (L) tumor cells.

Supplementary Figure 2 | A heatmap of the marker expressions in the tumor regions revealed heterogeneity between individuals. Panels (A–L) show Cases 1–12.

Supplementary Figure 3 | A heatmap of the marker expressions in the adjacent regions revealed heterogeneity between individuals. Panels (A–L) show Cases 1–12.
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Chimeric antigen receptor (CAR) T cell therapy has offered cancer patients a new alternative therapeutic choice in recent years. This novel type of therapy holds tremendous promise for the treatment of various hematologic malignancies including B-cell acute lymphoblastic leukemia (B-ALL) and lymphoma. However, CAR T cell therapy has experienced its ups and downs in terms of toxicities and efficacy shortcomings. Adverse events such as cytokine release syndrome (CRS), neurotoxicity, graft rejection, on-target off-tumor toxicities, and tumor relapse have tied the rescuing hands of CAR T cell therapies. Moreover, in the case of solid tumor treatment, CAR T cell therapies have not yielded encouraging results mainly due to challenges such as the formidable network of the tumor microenvironments (TME) that operates in a suppressive fashion resulting in CAR T cell dysfunction. In this review, we tend to shine a light on emerging strategies and solutions for addressing the mentioned barriers. These solutions might dramatically help shorten the gap between a successful clinical outcome and the hope for it.
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Introduction

Chimeric antigen receptor (CAR) T cells are genetically engineered T cells that possess the ability to specifically recognize and target tumor cells with significant discrimination from healthy tissues. Unlike the conventional cancer treatment methods such as surgery, radiotherapy, and chemotherapy, CAR T cells target tumor-specific antigens (TSAs) or tumor-associated antigens (TAAs) expressed on the surface of their target tumor cells with the delicate specificity granted to them by their antibody fragment-equipped targeting domain in a non-major histocompatibility complex (MHC) manner (1, 2).

In detail, CARs are made of an extracellular domain comprised of a targeting domain and a hinge, a transmembrane (TM) domain, and an intracellular domain composed of one or more co-stimulatory domains and an activation domain. The targeting domain of CARs are commonly composed of a single-chain variable fragment (scFv) derived from a monoclonal antibody (mAb) but other targeting domains such as single variable domains of heavy-chain antibodies (VHH, also known as Nanobodies®), ligands, and toxins have also been used, even though less commonly (2–4). Researchers have demonstrated the potential of VHH-based CAR T cells against solid tumors and in targeting their tumor microenvironments (TME) (3, 5). Moreover, in an interesting twist, Wang and colleagues used chlorotoxin as their CAR targeting domain because of its potential binding capacity to antigens associated with glioblastoma and they reported acceptable tumor elimination alongside undetectable off-target effects towards healthy cells, even in vivo (4). The authors also concluded that the reactivity of the chlorotoxin-equipped CAR T cells with their target cells is dependent on the expression of matrix metalloproteinase 2 (4).

So far, CD8, CD28, IgG1, and IgG4 have been used as hinges connecting CAR targeting domains to the TM domain. The TM domain of CARs is derived from molecules such as CD3ζ, CD8α, CD4, CD28, and the inducible T cell co-stimulator (ICOS) (6). Moreover, co-stimulatory domains are important components of CARs since they can contribute to different properties of CAR T cells (7–9). To this date, CD28, CD137 (4-1BB), CD134 (OX40), ICOS, CD27, MYD88-CD40, and KIR2DS2 have been used as co-stimulatory domains in various studies (10–12).

The activation domain used in the structure of CARs has the critical role of T cell activation upon target antigen encountering and it is mostly derived from the CD3ζ part of the T cell receptor (TCR) CD3 complex (13). However, other activation domains that have been used include FcϵRIγ, the ζ-chain of TCR-associated protein kinase 70 kDa (ZAP70), and DAP12 (13–17). The early CAR T cells (termed “first-generation CARs”) did not have any co-stimulatory domain and did not show promising antitumor efficacy mainly due to the lack of adequate persistence and activation (18). For addressing these caveats, researchers added co-stimulatory domains to the intracellular domain of CARs generating “second-generation” and “third-generation” CARs which have one and two co-stimulatory domains, respectively (13). These CAR T cells showed enhanced persistence, activation, and effector function in clinical trials in comparison with first-generation CARs (19, 20). Researchers have even stepped further by adding an inducer domain of a specific cytokine such as interleukin (IL)-2 to the intracellular domain of second-generation CARs only to generate T cells redirected for universal cytokine-mediated killing (TRUCKs) or armored CARs (21). These CAR T cells can deliver transgenic products or payloads to the targeted tumor tissues leading to the enhancement of antitumor activity and efficacy of CAR T cell therapy (21). Additionally, according to Kershaw et al., the activation and proliferation of T cells might be more favorable if accompanied by a third cytokine engagement signal besides the other two primary activation and co-stimulation signals (22). In this regard, Kagoya1 et al. redecorated second-generation CARs, originally harboring the CD3ζ activation domain and CD28 co-stimulation domain, by adding a truncated cytoplasmic domain from the IL-2 receptor β (IL-2Rβ) that harbors a STAT3-binding site (23). The in vitro investigations of these researchers revealed that the activation of the JAK kinase, STAT3, and STAT5 pathways are dependent on the engagement of the CAR with its target antigen (23). Moreover, these novel CAR T cells were capable of establishing more outstanding persistence and tumoricidal activity in preclinical models of hematologic and solid tumors compared with their conventional counterparts (23). Figure 1 represents a detailed description of the various components of CARs.




Figure 1 | The building blocks of a CAR molecule and examples of different components that could be used for its construction. CAR constructs can also be engineered for the expression of an “armor” molecule that can operate in different aspects including the modifications of the tumor microenvironments, enhancing the homing of CAR T cells to the tumor site, or having immunomodulatory effects resulting in the augmentation of CAR T cell tumoricidal efficacy. Different types of armors are shown in the right panel with examples in parentheses. BiTE, bispecific T cell engager; TM, transmembrane; mAb, monoclonal antibody; scFv, single-chain variable fragment; ICOS, the inducible T cell co-stimulator; ZAP70, the ζ-chain of TCR-associated protein kinase 70 kDa.



CAR T cell therapy has induced remarkable clinical outcomes, especially in the treatment of hematologic malignancies, which has led to the US Food and Drug Administration (FDA) approval of four CD19-targeting CAR T cell products, named Kymriah™ (Tisagenlecleucel), Yescarta™ (Axicabtagene ciloleucel), Tecartus™ (Brexucabtagene autoleucel), and Breyanzi™ (Lisocabtagene maraleucel) (24–27). So far, patients with conventional treatment-resistant relapsed/refractory (R/R) B-cell Acute Lymphoblastic Leukemia (B-ALL), Diffuse Large B Cell Lymphoma (DLBCL), and Mantle cell lymphoma (MCL) can only profit from the therapeutic benefits of the mentioned products (24–27).

However, from the early days of CAR T cell therapy, it has been accompanied by various types of side effects, which can range from manageable mild to irreversible life-threatening toxicities. Such toxicities created various safety concerns that have limited the broader application of CAR T cells in various oncological indications. Therefore, understanding their nature and developing strategies for their mitigation are subjects of paramount importance. Neurologic toxicity and Cytokine Release Syndrome (CRS) (characterized by the overproduction of immune-regulatory cytokines and factors) alongside immune responses mediated by the recipient’s immune system against the infused CAR T cells (recognized as foreign invaders) have been rather frequent in the related clinical settings (28, 29). In the case of CD19-based CAR T cell therapies, the long-term persistence of CAR T cells that fail to discriminate between malignant and healthy B cells leads to the elimination of the latter, long after treatment completion (28, 30). This phenomenon is known as B cell aplasia and it renders the respective patients susceptible to infections caused by numerous bacteria (28, 30). Additionally, due to the poor availability of TSAs, a high proportion of CAR T therapies target TAAs that are also expressed by normal cells at physiological levels (29). Since such CAR T cells fail to discriminate between normal and malignant cells, there have been cases of serious adverse events against healthy tissues (which are known as on-target off-tumor toxicities) (29). Furthermore, disease relapse has also been observed both in the cases of blood-based malignancies and solid tumors (31). This occurrence is a result of target antigen loss or extreme antigen downregulation which is undertaken by tumor cells as a potential mechanism for immune evasion (31). Ultimately, the harsh immunosuppressive features of the TME can also impinge on CAR T cell functionality, in the context of solid tumors (32). In this review, we tend to present a detailed description of the mentioned caveats and then discuss intelligent strategies aimed at removing them. Furthermore, we brief how such elaborate strategies might enable a safer and more efficient CAR T cell therapy.



Fighting CRS and Neurotoxicity Mediators

CRS is the most common side effect of CAR T cell therapy that is usually observed several days following the adoptive transfer (28, 33). CRS is commonly characterized by elevated levels of IL-1, IL-2, IL-6, IL-8, IL-10, interferon-γ (INF-γ), granulocyte-macrophage colony-stimulating factor (GM-CSF), and tumor necrosis factor α (TNF-α) in a patient’s serum (28, 33). Patients experiencing CRS usually manifest hypotension, fever, pulmonary edema, and hypoxia (28). However, depending on the grade and severity of CRS, other symptoms could also be observed in the affected patients including tachycardia, myalgias, diarrhea, nausea, acute kidney injury, anemia, arrhythmias, and hyperbilirubinemia (28). Such manifestations could be resultant from CRS-related damages to various vital organs of the patients which require meticulous medical care (28). The starting point of this so-called storm is the activation of CAR T cells following their engagement with their target antigen (28, 33). This activation leads to the production and secretion of inflammatory cytokines by CAR T cells (28, 33). In response to these cytokines, other innate immune cells, such as macrophages, begin to release inflammatory cytokines such as IL-1 and IL-6, thus creating a loop of inflammation (28, 33). To take the situation under control, the mentioned self-intensifying loop needs to be disrupted.

In contrast with CRS, the rate of neurotoxicity in CAR T therapies has been rather inconsistent in different reports (28, 34). Patients with neurologic toxicity often experience seizures, hallucinations, delirium, brain edema, headache, or tremor (28, 34). To this date, the exact mechanism that gives rise to CAR T cell-induced neurotoxicity remains a mystery (28). However, investigators have reported the presence of CD19-redirected CAR T cells in the patients’ cerebrospinal fluid alongside elevated levels of pro-inflammatory cytokines (28, 34). Moreover, a high concentration of such cytokines might activate the endothelium of the brain vessels and the blood-brain barrier (BBB) resulting in their permeabilization and consequent cerebral edema (35). Based on a recent report by Parker and colleagues, in the case of CD19-based CAR T cell therapies, the observed neurotoxicity could be attributed to the targeting of CD19-expressing brain mural cells by CAR T cells (36). Since mural cells provide vital support for the BBB, their elimination might facilitate CAR T cell infiltration into the brain (hence a high possibility of cerebral edema emergence) (36). In this section, we briefly discuss strategies that could be beneficial in the management of CAR T cell-mediated CRS and neurologic toxicity.


GM-CSF Blockade

GM-CSF is a macrophage- and monocyte-activating cytokine known to be an important factor in mediating CRS (28, 29). GM-CSF can be neutralized using mAbs, such as lenzilumab, which can result in a significant reduction of myeloid and T cell infiltration in the central nervous system (CNS) (37). This reduction has been helpful in the mitigation of neuroinflammation (NI) and the prevention of CAR T cell-mediated CRS in preclinical models (37). Additionally, not only this method does not interfere with CAR T cell functionality, but it also elevates their tumoricidal efficacy by reducing the risk of CAR T cell-mediated CRS and NI (37). In detail, GM-CSF neutralization inhibits the secretion of CRS-causing cytokines such as IL-6 and reduces the production of other CRS-mediating pro-inflammatory factors including IL-8 and monocyte chemoattractant protein 1 (MCP-1), which act as immune cell trafficking mediators (38, 39). In addition to antibody-mediated neutralization, genetic engineering methods can also be used for the manipulation of CAR T cells that are less likely to mediate CRS and neurotoxicity (37, 40). Recently, studies have shown that knocking out the GM-CSF gene in CAR T cells using transcription activator-like effector nucleases (TALEN) or CRISPR/Cas9 can significantly reduce the production and secretion of GM-CSF, which can consequently abrogate the macrophage-dependent secretion of CRS-associated biomarkers such as MCP-1, IL-6, and IL-8 (37, 40). Also, this approach has reduced the levels of key CRS-mediators and enhanced the antitumor activity of CAR T cells in preclinical models (37). Above all, CAR T cells can also be genetically engineered to secrete GM-CSF neutralizing antibodies which can further mitigate the risk of CRS and neurotoxicity.



IL-1 and IL-6 Blockade

Studies have shown that monocyte- and macrophage-released IL-1 and IL-6 are associated with CAR T cell-mediated CRS and immune effector cell-associated neurotoxicity syndrome (ICANS) (41, 42). Preclinical data indicate that monocytes are a more responsible source of IL-1 and IL-6 during CRS occurrence (42). It has been demonstrated that CRS can be prevented by methods such as monocyte ablation or IL-6 receptor blockade using tocilizumab (42). However, it has been reported that tocilizumab does not prevent delayed lethal neurotoxicity in preclinical mouse models (42). In this case, Anakinra, which is an immunosuppressive drug and an IL-1 receptor antagonist, has shown promising results after administration into preclinical mouse CRS models by protecting them from both lethal neurotoxicity and CRS (42). Of note, anakinra can be as effective as tocilizumab in rescuing preclinical mouse models from lethal CRS (42). Furthermore, other studies have reported that IL-6 receptor blockade may not be completely sufficient in controlling severe CRS and it might be necessary to use high-dose corticosteroids for this aim (43, 44). Other studies have engineered CAR T cells to secrete IL-1 receptor antagonists which have induced promising effects in preventing or reducing CRS and neurotoxicity in preclinical mouse models (41). In conclusion, IL-1 and IL-6 are both key players in the development and progression of post-CAR T cell infusion CRS and neurotoxicity (42). Targeting strategies against IL-1 can be an applicable approach for the prevention and mitigation of both CAR T cell-induced CRS and neurologic toxicities.



Catecholamine Blockade

Recently, it has been found that high levels of circulating catecholamines can mediate various types of immune-dysregulation, including CRS, through a self-augmenting loop in macrophages (45). Catecholamines have effective roles in the release of cytokines induced by T cell-activating therapeutic agents (45). It has been found that inhibition of catecholamine synthesis can result in a significant reduction in the level of cytokine release both in vitro and in vivo (45). Also, it has been demonstrated that atrial natriuretic peptide (ANP) can reduce the levels of circulating catecholamines without interfering with the tumoricidal activity of CAR T cells (45, 46). Furthermore, myeloid-secreted catecholamines are also known as critical mediators of CRS (45). Researchers have indicated that myeloid-specific ablation of tyrosine hydroxylase (an essential enzyme involved in the synthesis of catecholamines) using metyrosine can protect mouse models of lymphoma with stimulated macrophages from lethal complications of CRS after CD19-based CAR T cell therapy (45). Such studies indicate that catecholamines are key modulators of cytokine release, and not only blocking their synthesis pathway does not lead to side effects or CAR T cell functionality impairment but it also might reduce the incidence of CRS development and progression (45, 46). Such tactics also suggest that the modification of cellular pathways involved in CRS progression might reduce the risk of this life-threatening toxicity (45).




Fighting Immune Rejection

From the emerging days of CAR T cell therapy, the pros and cons of the cell sources, from which CAR T cells are generated, have been under investigation. Using autologous T cells (derived from the patients themselves) for producing CAR T cells is not always feasible because of the patients’ disease burden or the particular treatment course they are under. On the other hand, allogeneic T cells (obtained from healthy donors) are not completely limitation-free as they might be rejected by the recipients’ immune system (28, 29). This unfavorable event is mostly mediated by the recipient’s T cells and natural killer (NK) cells, as these cells recognize the allogeneic CAR T cells as invading foreign cells that should be eradicated from the host’s body (47–51).


Alloimmune Defense Receptor (ADR)

One of the most recent strategies for addressing the issue of allogeneic CAR T cell rejection exploits the 4-1BB cell surface receptor present on the recipients’ T and NK cells (51). The expression of this receptor is upregulated in activated T cells and NK cells (51). This strategy uses an engineered receptor named Alloimmune Defense Receptor (ADR), which is made of a 4-1BB-recognizing domain derived from 4-1BB ligand (4-1BBL), an intracellular CD3ζ domain, a spacer, and a transmembrane domain (51). The ADR is designed to be expressed on the surface of CAR T cells (51). In detail, the ADR recognizes the upregulated 4-1BB molecule on the surface of activated alloreactive T cells and NK cells which leads to the activation of the ADR-expressing CAR T cells and results in the elimination of the recipients’ alloreactive immune cells (51). Moreover, ADR expression does not impinge on the effector function of CAR T cells, therefore, this approach can give allogeneic CAR T cells a new weapon that they can use against immune cells trying to interfere with their fight against tumors (51).

However, since ADR-expressing CAR T cells upregulate 4-1BB expression (following activation), they might become subjects of fratricide (self-cytotoxicity) (52). Mo et al. also reported limited fratricide both in preclinical models and in vitro (however, transient) (52). An interesting mechanism could be attributed to this limited fratricide based on similar situations already observed in other studies (52). Ruella and colleagues reported that accidental transduction of leukemic B cells (during the manufacturing process of CD19-redirected CAR T cells) might give rise to the resistance of such leukemic cells to CD19-based CAR T cell therapy (52). The underlying mechanism for this resistance is that the transduced leukemic B cells start to express the CD19-specific CAR molecule which eventually manages to engage with their CD19 antigen (52). This self-reactivity leads to the masking of the CD19 epitope recognized by the CD19-redirected CAR T cells, therefore, the CAR-expressing leukemic B cells evade the antitumor reactions of the mentioned CAR T therapy (52). This scenario might somehow be possible in the case of activated ADR-positive CAR T cells as it helps them become fratricide-resistant (51). In detail, following activation, ADR-positive CAR T cells start to upregulate 4-1BB on their surface which consequently manages to engage with their ADR (51). This self-engagement masks the 4-1BB molecule, therefore, it can no longer be recognized by other ADR-positive CAR T cells (the emergence of fratricide-resistant ADR-positive CAR T cells) (51). Furthermore, this self-engagement might also provide the mentioned fratricide-resistant CAR T cells with amplified proliferation and persistence signals (51, 53, 54). Figure 2 represents a detailed description of ADR-expressing CAR T cells.




Figure 2 | The underlying of mechanism of action of ADR-expressing CAR T cells, the issue of their fratricide, and the possible mechanism of action for the emergence of fratricide-resistant ADR-positive CAR T cells. (A) ADR-expressing CAR T cells enforce cytolytic reactions only against alloreactive T cells and NK cells (that are activated with their 4-1BB upregulated) and manage to spare resting T cells and NK cell (that are non-alloreactive). On the other hand, they can also enforce tumoricidal responses against their target tumor cells. (B) Following their activation, ADR-positive CAR T cells upregulate 4-1BB. This makes them susceptible to fratricide (self-cytotoxicity). (C) A proposed underlying mechanism for the emergence of ADR-expressing CAR T cells that are resistant to fratricide. The surface expressed ADR reacts with the 4-1BB molecule that is upregulated after the activation of the ADR-positive CAR T cells. This phenomenon renders 4-1BB hidden from being recognized by other ADR-expressing CAR T cells (hence the ADR-expressing CAR T cell represented in the figure becomes fratricide-resistant). TM, transmembrane domain; 4-1BBL, a fragment derived from the 4-1BB ligand; ADR, alloimmune defense receptor; NK, natural killer; CAR, chimeric antigen receptor; TCR, T cell receptor.





CD47 Expression

CD47 is a transmembrane protein responsible for mediating a “do not eat me” signal in numerous types of malignant cells (55). The signal regulatory protein-α (SIRPα) is recognized as the receptor for CD47 on various immune cells including macrophages (55). Once tumor cells that express the CD47 antigen on their surface encounter macrophages, CD47 binds to SIRPα which leads to the transmission of the “do not eat me” signal and consequent abrogation of phagocytosis by macrophages (55). Therefore, using this mechanism, malignant cells can easily evade immune system-mediated eradication (55). This mechanism can be applied when using allogeneic CAR T cells to avert macrophage-assisted CAR T cell rejection and subsequent clearance. In this regard, CAR T cells can be engineered to express CD47 on their surface as a means of evading phagocytosis by macrophages.



TCR and HLA Knock Outs

Investigators have also exploited genetic engineering methods for diminishing the level of alloreactivity when using allogeneic CAR T cells. The TRAC gene is one of the foremost targets in this regard whose knock-out using diverse genetic manipulation tactics, such as TALEN, zinc-finger nuclease (ZFN), and CRISPR-Cas9, has been established to be effective in the ablation of both TCR α and β chains and alleviating alloreactivity (56–60). Furthermore, other researchers have highlighted the use of allogeneic CAR T cells with TCR and CD52 knock-outs and they have demonstrated that these cells act as satisfactory universal CAR T cell candidates since they do not cause alloreactivity and are able to mediate molecular remission in patients with R/R B-ALL (57). It is worth mentioning that the knock-out of CD52 renders these CAR T cells resistant to the depletion impacts of the anti-CD52 antibody alemtuzumab (57). Additionally, CRISPR-Cas9-mediated CAR transgene knock-in in the TRAC gene locus has also been investigated by other researchers as they have suggested that this method can also be as efficient as the other mentioned methods for disrupting the endogenous TCR expression in allogeneic CAR T cells (61). Also, CRISPR-Cas9 and ZFN both have been utilized for the ablation of HLA expression to diminish the level of alloreactivity when using allogeneic CAR T cells as well (62, 63).




Strategies for Overcoming On-Target Off-Tumor Toxicity

TAAs targeted by CAR T cells are usually expressed by healthy tissues as well, even though at lower rates. However, despite this limited target antigen expression, CAR T cells still manage to recognize these normal cells and initiate cytolytic reactions against them. This phenomenon results in the elimination of those healthy cells (known as “on-target off-tumor” toxicities), thus causing life-threatening side effects such as multi-organ failure for the respective patients. B cell aplasia, as characterized by the elimination and absence of B cells, is a renowned off-tumor incident after CD19- or CD22-based CAR T cell therapy mediating hypogammaglobulinemia in the recipients that subjects them to various types of infectious diseases (30, 64). In detail, CD19 and CD22 are both expressed on normal B cells as well as the malignant ones (64). Therefore, CAR T cells targeting either of these antigens happen to eradicate normal B cells as well (64). In this regard, B cell aplasia is considered as a parameter for the assessment of CD19 and CD22 CAR T cell therapy efficacy and persistence as well as their success rate (64). It can also act as a marker for the possibility of disease relapse (64). To tackle these limitations, scientists have engineered smart CAR constructs with tumor-selectivity mechanisms capable of precise discrimination between malignant and healthy cells. In this section, we will briefly discuss some of these strategies alongside highlighting their advantages and disadvantages.


Masked CARs

TME exhibit an upregulated expression profile for multiple classes of tumor-associated proteases such as plasmin (65, 66), matrix metalloproteases (67), cathepsins (68–70), and legumain (71, 72) which could be exploited to engineer smart CAR platforms. A conditionally active CAR construct whose antigen-recognition domain is composed of a probody constitutes the novel strategy of “masked CARs” which increase the applicability of CAR T cells in the treatment of cancers that lack definitive TAAs (73). In detail, a probody is an antibody with its antigen recognition site covered by a masking peptide recombinantly linked to it by a protease-sensitive linker that is susceptible to proteolytic cleavage only by TME proteases (73, 74). Conceptually, the protease-sensitive linker is cleaved in the presence of tumor-associated proteases leading to the subsequent disengagement of the masking peptide and unveiling of the antigen-binding site of the targeting domain (73). This occurrence opens the gate for the downstream tumoricidal responses of the effector cells (Figure 3A) (73). Probodies, as compared to conventional mAbs, have shown a tremendously increased safety index due to their prolonged pharmacokinetic half-life which enables them to reach higher exposure rates while dosed at the same level as that of conventional mAbs (74). This expanded safety zone might be translatable in the field of masked CAR T cell therapy in a way that higher infusion dosages can impose more effective therapeutic impacts without crossing the red line of safety (73). Furthermore, the use of universal linkers sensitive to several proteases secreted by different types of TME makes the masked CAR platform a reliable candidate for targeting multiple tumor types in a concurrent manner (73). Despite the quiescence of masked CAR T cells in the circulation until their trafficking into the TME, there are still some off-tumor toxicities delivered to healthy tissues that secret the proteases to which the linker peptide is sensitive (73). However, such occurrences do not yet defame the generosity and expanded safety profile of this CAR platform (73).




Figure 3 | Elaborate strategies for tackling the on-target off-tumor toxicity of CAR T cells. (A) Masked CAR T cells and their mechanism of action. Masked CAR T cells are unable to cytotoxically attack healthy cells because their targeting domains are veiled. In the tumor microenvironment, the masking peptide is dissociated due to the presence of tumor-specific proteases. This phenomenon results in the recognition of the tumor cells by masked CAR T cells leading to the cytolysis of the tumor cells. (B) iCAR T cells and their mechanism of action. iCAR T cells are cytotoxically inert while encountering healthy cells simultaneously expressing their inhibitory and activatory antigens. Upon encountering tumor cells that only express the activatory antigen and are deficient in the expression of the inhibitory antigen, iCAR T cells are activated to carry out their tumoricidal effects. (C) The logic-gated CAR platform and its mechanism of action. Logic-gated CAR T cells require the presence of two antigens for their activation and triggering of cytotoxic effects. This strategy increases their safety index while encountering healthy tissues expressing one of the antigens. CAR-T, chimeric antigen receptor T cell; iCAR, inhibitory CAR; TCR, T cell receptor.





Inhibitory CAR (iCAR)

Another strategy to minimize the deleterious damages of “on-target off-tumor toxicities” or bystander healthy tissue damages is the use of an antigen-specific iCAR. This platform provides a self-regulating dynamic safety switch to circumvent the consequences of unwanted T cell responses and divert them away from the undesired tissues (75). The general concept is to have a surface antigen recognition domain fused to the signaling domains of endogenous immunoinhibitory receptors such as CTLA-4 or PD-1 to reversibly restrict T cell cytokine secretion, cytotoxicity, and proliferation despite concurrent engagement of an activating receptor (which can be a CAR or simply just an engineered TCR) (75). The iCAR platform allows T cells to discriminate between healthy and cancerous cells in an antigen selective manner (Figure 3B) (75). The transgenic expression of the iCAR construct does not impinge on the basic functionality of the T cells in the absence of its specific inhibitory antigen (75). Moreover, other T cell-restricted inhibitory receptors such as BTLA, 2B4, and LAG-3 or their combination in a single second-generation iCAR or as an iCAR with multiple combined cytoplasmic domains can also be used to regulate the cytotoxic functionality of CAR T cells (75–77).

Despite being experimentally evident that iCAR T cells can still sustain their tumoricidal functionality even after exposure to inhibitory antigens, the possibility of a proportion of iCAR T cells becoming anergized over repeated exposure to an inhibitory antigen is not completely ruled out (75, 78). Moreover, since this elaborate regulatory approach is antigen-specific, it requires tissue-specific target antigens that are expressed by healthy tissues but are absent from or down-regulated by tumor cells (75). Human leukocyte antigen (HLA) can be a suitable antigen of such characteristics since it is expressed in all cell types but substantially downregulated by tumor cells to confer them the ability to escape T cell-mediated immune system responses (79).



Logic-Gated CAR T Cells

A trans-signaling CAR strategy in which T cell activation signal and co-stimulatory signal are physically dissociated from each other in two antigen-specificity different CARs has been developed to equip CAR T cells with a “double or nothing” strategy (80–84). These CAR T cells (known as logic-gated CAR T cells) can only attack tumor cells that simultaneously express both of the antigens recognized by the antigen recognition domains of the two different CARs (hence they manage to spare healthy cell expressing only one of the antigens) (80–84). Conceptually, T cells are genetically modified to express two CARs; one CAR that only harbors the CD3ζ signaling domain and recognizes an antigen of interest with low affinity and a chimeric co-stimulatory receptor (CCR) that recognizes a different antigen of interest with high affinity (80–84). Moreover, CCR engagement with antigen provides the co-stimulatory signaling cascades necessary for T cell activation and potent cytotoxicity (80–84). Genetically modified T cells expressing these two constructs are not potently activated while they encounter normal cells, which only express one of the two antigens, due to insufficient activation signals (Figure 3C) (80–84). However, several issues question the practicality of this proposed strategy. Limitations such as identification of two tumor antigens which are only expressed by a given type of cancer with nonoverlapping expression in normal tissues (81). Additionally, another limitation relates to the difficulty of designing a CAR with a narrow optimum affinity range or a CAR that is practically applicable to almost a broad spectrum of patients (80). In vitro findings have demonstrated weak cytokine secretion by trans-signaling CAR T cells against cells expressing only one TAA and pronounced cytokine secretion upon encountering tumor cells co-expressing both antigens (81). These findings suggest that the dual-specificity trans-signaling CAR platform might potentiate the therapeutic efficacy of CAR T cells against target cancer cells while diminishing their cross-reactivity with normal tissues (81).



γδ T Cells Harboring Co-Stimulation-Only CARs

Recently, researchers have used γδ T cells, which are a subset of T cells that harbor TCRs with γδ subunits, instead of the more common αβ subunits (85, 86). γδ T cells are about 1-10% of circulating T cells but they act as important components of the immune system (87). Vγ9Vδ2 T cells, which are a subset of γδ T cells, have an intrinsic tumor-distinguishing ability since they can recognize the phosphoantigens that are non-peptidic tumor antigens and are typical features of metabolism-dysregulated tumor cells (88). Researchers have investigated a novel tactic using Vγ9Vδ2 T cells as the backbone for generating unique “co-stimulatory domain-only CARs” (89). Dissimilar from the conventional αβ T cells (used as the primary source for the production of CAR T cells), γδ T cells recognize their target antigens with no dependence on MHC class I or II (90). The Vγ9Vδ2 TCR is the most prevalent γδ TCR expressed by γδ T cells (90). These TCRs recognize phosphoantigens such as isopentenyl pyrophosphate (IPP) over-produced in cancer cells and not in healthy ones (90). γδ T cells differentiate between cancerous and normal cells by identifying these antigens as a “danger alarm” (90). Studies have demonstrated that GD2-targeting co-stimulation-only CAR T cells generated from T cells with Vγ9Vδ2 TCRs are functional and show robust cytolytic responses only against GD2-positive neuroblastoma cells, but not against GD2-positive normal cells, in vitro (89). This fact highlights the role of the endogenous Vγ9Vδ2 TCR since the CD3ζ signal is only provided by the tumor cells that interact with the endogenous Vγ9Vδ2 TCR (Figure 4A) (89).




Figure 4 | Co-stimulation-only γδ CAR T Cells and UniCAR T cells and their mechanism of action. (A) The mechanism of action of γδ CAR T cells with “co-stimulation-only” CARs and “Vγ9Vδ2 TCRs”. The tumoricidal activity of γδ CAR T cells will be in action when the CD3ζ activation and co-stimulation signals are provided. The activation signal is mediated through the Vγ9Vδ2 TCR of these CAR T cells only when they encounter the phosphoantigens expressed by the metabolically dysregulated tumor cells. Furthermore, the co-stimulation signal is provided once the co-stimulation-only CAR molecules recognize their specific TAA. Since healthy cells do not express such phosphoantigens, γδ CAR T cells will not be able to mediate cytotoxic reactions against them. (B) UniCAR T cells. UniCAR T cells can be activated and redirected towards different tumor cells based on the presence of different TMs. The clearance of the TM from the circulation simply results in the quiescence of the UniCAR T cells. Co-S CAR, co-stimulation-only CAR; TM, target module; UniCAR-T, universal chimeric antigen receptor T cell.



Moreover, other studies have also presented similar promising results demonstrating that CAR T cells generated using Vδ2 T cells (termed γδ CAR T cells) can migrate towards tumor cells and perform antigen cross-presentation (91). These findings propose that γδ CAR T cells can enter the tumor site and eliminate tumor cells alongside uptaking the target antigens which lead to stimulatory antigen presentation to tumor-infiltrating lymphocytes (TILs) with αβ TCRs (91). It has been proposed that tumors such as melanoma can be the right battlefield for these fighting cells since they harbor high tumor antigen frequency and large numbers of tumor-reactive lymphocytes and TILs (91). This fact may be considered as an advantage of γδ CAR T cells over conventional CAR T cells which could be quite worthwhile in the treatment of solid tumors (91). Moreover, various studies have also indicated that graft-versus-host disease (GVHD) is mediated by alloreactive T cells harboring the αβ TCR, while T cells with the γδ TCR do not mediate alloreactivity, therefore they are not capable of GVHD induction (92). Besides, γδT cells also can orchestrate various compelling antileukemic and anti-infectious effects (92). However, the functionality of γδ CAR T cells in comparison with conventional CAR T cells, their in-detail characterization, and their large-scale manufacturing protocols are yet to be explored. In a nutshell, it can still be concluded that γδT CAR T cells might show promise for prospective clinical evaluations in solid tumors since they present exclusive useful properties over conventional CAR T cells.



Universal CARs (UniCARs)

Another elaborate strategy to diminish the risk of off-tumor side effects entails the use of a modular CAR platform known as UniCAR. This strategy makes it possible to reversibly turn off the CAR system as fast as possible in case of unwanted CAR T cell-mediated side effects (93). UniCARs are designed as two different components that form an immune complex together to be guided towards the desired target cells. Conceptually, UniCARs consist of the UniCAR effector T cells and engineered recombinant target modules which direct them to the surface of the appropriate target cells (Figure 4B) (93). The specificity of the target module dictates the UniCAR T cells exactly which target cells they should attack and their rapid elimination from the circulation sufficiently vouches for their safety index as it switches UniCAR T cells “On” and “Off” (93). Since the antibody domain of the UniCAR T cells is directed against a unique epitope on the target module, they can establish an immune complex in their presence (93). This would guide UniCAR T cells towards their target cells (93). On the other hand, in the absence of a target module, UniCAR T cells automatically turn off which makes their controlling much more feasible than that of conventional CAR T cells (93–95). To minimize the considerable risks of CRS during a UniCAR T cell therapy, the administration of a rapidly eliminated target module should start at low doses and then be adjusted and increased based on the emergence of unexpected side effects (93). Once the desired target cells are eliminated or any life-threatening adverse events happen, the termination of targeting module administration will simply cause the UniCAR T cells to be turned off (93). Additionally, the potential benefits of the UniCAR platform in the cases of disease relapse are discussed in an upcoming section.




Strategies for Overcoming the Post-Infusion Control Limitation

So far, various attempts have been made for controlling the activity of CAR T cells after their infusion into patients. This topic deserves special attention since it can contribute to the control and prevention of the previously mentioned CAR T cell-mediated toxicities which can sometimes be life-threatening. In this section, we briefly summarize strategies aimed at controlling the expression of CARs on the surface of the engineered T cells as well as some of the most potent strategies developed for overall control over CAR T cells after their administration.


The Lymphocyte-Specific Protein Tyrosine Kinase (LCK) Inhibition

It has been demonstrated that the tyrosine kinase inhibitor Dasatinib, an FDA-approved treatment for Philadelphia chromosome-positive chronic myeloid leukemia (CML) and ALL, inhibits LCK and thereby prevents the phosphorylation of CD3ζ and ZAP70 (96). Mestermann and colleagues have exploited dasatinib to increase the safety index of CAR T cells (96). The mentioned mechanism can mediate the disruption of the downstream signaling cascade in CARs harboring either CD28-CD3ζ or 4-1BB-CD3ζ activation modules (96). Moreover, dasatinib can induce a quickly occurring (3 hours) hybernation in CD8- and CD4-positive CAR T cells which can continue for several days without imposing any negative effects on T cell viability (96). Moreover, different dosing schemes of dasatinib can be used for partial or complete inhibition of CAR T cell activity (96). It has been shown that the administration of dasatinib shortly after CAR T cell infusion in preclinical CRS mouse models protects them from CRS that could otherwise be lethal in models not receiving dasatinib (96). The main advantage of this method is that upon the discontinuation of dasatinib administration, its inhibitory effect rapidly and completely reverses, therefore, the previously affected CAR T cells can continue their normal signaling pathway and antitumor activity (96). The favorable pharmacodynamics of dasatinib is another advantage of this approach allowing for multiple-time utilization of this drug for sequential CAR T cell activity turning “off” and “on”. Conclusively, dasatinib administration in CAR T cell-receiving preclinical models and in vitro assays pauses cytolytic activity, cytokine production, and expansion of CAR T cells and it can be applied as a pharmacologic on/off switch for CAR T cells (96). Aside from these, this approach might suffer from several limitations. One is that the inhibitory impact of dasatinib over CAR T cells that have already been activated is less pronounced (96). Furthermore, since dasatinib exerts its inhibitory effect through TCR signaling, the endogenous T cells will also be affected in terms of their effector function (96, 97). Another limitation of this approach affects patients with aggressive tumors whose malignant cells tend to proliferate at a high speed (96). In such patients, over the course of toxicities, while dasatinib is administered to control CAR T cell functionality, the CAR T cell-mediated tumoricidal reactions are halted temporarily which leaves more room for tumor progression (96).



STOP CAR

STOP CAR is a recently developed CAR platform made of a recognition (R) chain, responsible for antigen binding, and a signaling (S) chain, responsible for T cell activation (98). The endodomains of these two distinct chains have a computationally designed protein pair that helps them dimerize into a functional heterodimer without the need for a dimerizing agent (98). This heterodimer is a chemically disruptable heterodimer (CDH) and it can be exclusively disrupted and dissociated into two monomers by the administration of small molecules such as A1331852 and A1155463 (which are Bcl-XL inhibitors) (98). The availability of disruptive small molecules that have valid clinical applications, prolonged half-life, and significant tolerance in humans are the principles for the design of such CDHs (98). The basic aim of the STOP CAR platform is to utilize globular domains from modular proteins that do not disturb the synapse-proximal T cell signaling (98). In detail, the CDH is made of human apolipoprotein E4 (apoE4), which is located on the R chain, and Bcl-XL, which is located on the S chain (98). apoE4 and Bcl-XL are human-originated proteins with very few numbers of amino acid substitutions (98). Therefore, they might not lead to transgene immune rejection in the recipients receiving these CAR T cells (99, 100). This strategy enables us to decrease the activity of the infused CAR T cells temporarily instead of shutting it down permanently (which happens in the case of suicide switches, as discussed in the upcoming subsections) (98). When there are no disruptive small molecules administered, apoE4 and Bcl-XL are paired together allowing CAR T cell activation upon the recognition of the antigen of interest (98). On the other hand, in the presence of the disruptive small molecules, apoE4 and Bcl-XL are dissociated from each other and maintain their monomeric form which does not allow CAR T cell activation upon antigen recognition (Figure 5A) (98). STOP CAR T cells have been tested against two different antigens (PSMA and CD19), and it has been found that their efficacy is equal to their respective conventional second-generation CAR T cells (98). Taken together, STOP CARs can be utilized for controlling the post-infusion effector function of CAR T cells in a very safe, cost-effective, reversible, and efficient manner (98). However, when such protein engineering techniques are applied for the development of a CAR molecule, there is a slight possibility for the emergence of immunogenic epitopes (98). In this regard, elaborate computational approaches can be used for the depletion of such T cell epitopes (98, 101).




Figure 5 | STOP CAR and SWIFF-CARs structures and action mechanisms. (A) The STOP-CAR platform. The S chain is made of a c-myc and DAP10 (which are used for enhancing the stability and expression of the S chain), a hinge, a transmembrane domain, a co-stimulatory domain, Bcl-XL, and CD3ζ. On the other hand, the R chain is made of an scFv, a hinge, a transmembrane domain, a co-stimulatory domain, and human apolipoprotein E4. When the disruptive drug is not administered, the R and S chain can bind to each other and the CAR can be activated upon target antigen engagement. After the disruptive drug administration, it binds to its binding site on the Bcl-XL domain located on the S chain, therefore, it renders the R and S chain unable to pair and the CAR un-activatable. (B) A simplified illustration of the SWIFF-CAR platform. In the absence of the protease inhibitor (left panel), the protease retains its proteolytic activity and binds to its cleaving site leading to the dissociation of the CAR molecule from the rest of the construct and its translocation to the cell surface resulting in normal CAR-mediated antitumor activity. In the presence of the protease inhibitor (right panel), the inhibitor binds to its binding site located on the protease and mediates its inhibition, therefore, the protease cannot bind to its cleaving site which results in the degradation of the CAR molecule and the rest of the construct in the T cell proteolytic pathways (right panel). apoE4, human apolipoprotein E4; scFv, single-chain variable fragment; CAR, chimeric antigen receptor. R chain, recognition chain; S chain, signaling chain.





SWIFF-CARs

The activity of CAR T cells can be controlled through mechanisms that can regulate the expression of CAR molecules on the surface of T cells (as an on- and off-switch). Recently, Juillerat et al. have generated a CAR T cell activity-controlling platform termed switch-off CARs (SWIFF-CARs) which entails using the protease-based small molecule-assisted shutoff (SMASh) (102). In this platform, the SWIFF-CAR construct is made of the CAR molecule followed by a protease cleaving site, a protease (the HCV NS3 protease), and a degradation moiety named “degron” (102). In the absence of the cell-permeable protease inhibitor Asunaprevir, the protease cleaves its target site leading to dissociation of the CAR from the protease and degron (102). This change will result in the translocation of the CAR molecule to the cell surface allowing its normal activity and signaling cascade (a state called “ON”) (102). On the other hand, in the presence of asunaprevir, it binds to its binding site on the protease and inhibits its cleaving activity (102). Therefore, the CAR molecule will not dissociate from the protease cleaving site, protease, and degron which will lead to the proteolytic degradation of the CAR molecule (a state called “OFF”) (Figure 5B) (102). This study shows that it might be feasible to directly incorporate an off-switch into the CAR construct which enables reversible control of the CAR surface expression (102). However, this tactic is just considered as an in vitro-tested prototype of a seemingly applicable idea for now. In-depth in vivo preclinical investigations may better highlight the applicability of CAR T cells equipped with this switch in terms of in vivo expansion and tumoricidal activity as well as the ability to discriminate the healthy cells from the malignant ones.



Suicide Strategies

Selective and permanent ablation of CAR T cells in emergencies including the occurrence of GVHD or on-target off-tumor toxicities has been the subject of numerous investigations over the past years. The need for safety switches capable of irreversible elimination of CAR T cells during the mentioned adverse events and the implementation of such strategies have been recognized as an efficient way for addressing these challenges. One of these safety switches is based on suicide gene technologies which function through different mechanisms such as metabolic pathways, agent dimerization as well as targeting via therapeutic mAbs. These switches are discussed in detail throughout the upcoming section. It is worth mentioning that biological quiescence alongside favorable bioavailability and biodistribution profiles are all among the desired characteristics of an ideal suicide switch activation agent (103).


Metabolic switches

Suicide switches can be based on converting a non-toxic compound into a toxic one which eventually acts to kill the suicide switch-harboring cell. Herpes simplex virus thymidine kinase (HSV-TK), unlike mammalian cell thymidine kinase, shows an incredibly high affinity to ganciclovir (GCV), which is a nucleoside analog (104, 105). GCV is phosphorylated by HSV-TK to GCV-monophosphate (MP) and which is eventually converted to GCV-trisphosphate (TP). DNA polymerase incorporates GCV-TP into the leading strand of DNA which results in GCV-induced chain termination (106, 107). The HSV-TK/GCV suicide switch is also capable of triggering death-inducing signaling cascades through the formation of Fas-associated death domain protein (FADD) and the activation of caspases through ligand-independent CD95 aggregation (108). Despite the gradual effectiveness and potential immunogenicity risks of the HSV-TK switch (due to its viral origin), its benefit-to-risk ratio might still be clinically favorable (Figure 6A) (104, 105). Another example of this type of suicide-inducing switch involves cytosine deaminase (CD), which is a pyrimidine salvage enzyme (109). Mechanistically, 5-fluorouracil (5-FU) is the product of the deamination of the antifungal medication 5-fluorocytosine (5-FC) by CD, and therefore it plays the role of the highly cytotoxic compound capable of cell death induction (109). In this regard, equipping CAR T cells with the genes encoding enzymes such as HSV-TK or CD enables irreversible elimination of the infused CAR T cells in times of encountering adverse complications. Furthermore, type 1 HSV-TK gene has also been known as a positron emission tomography (PET) reporter gene that can be leveraged for providing insights into CAR T cell trafficking into tumor sites (110).




Figure 6 | Various strategies for the post-infusion controlling of CAR T cells. (A) The HSV-TK safety switch and its mechanism of action. Upon the administration of ganciclovir, it is catalyzed to MP by HSV-TK. MP will eventually be phosphorylated to TP. Subsequently, TP disrupts DNA synthesis leading to the selective ablation of CAR T cells. (B) An example a mAb-based safety switch and its mechanism of action. Co-expression of a desired recombinant cell surface protein enables selective elimination of CAR T cells expressing that molecule through the administration of pharmaceutical-grade mAbs which are specific for it. This elimination is mediated by the engagement of immune effector cells or complement fixation. (C) The iCasp9 suicide switch and its mechanism of action. The administration of the dimerizing drug results in the dimerization of the iCasp molecule. The dimerized iCasp is now activated and can trigger downstream apoptotic cascades that result in the death of the CAR T cells harboring this switch. HSV-TK, Herpes simplex virus thymidine kinase; MP, ganciclovir-monophosphate; TP, ganciclovir-trisphosphate; MAC, membrane attack complex; mAb, monoclonal antibody; FcγR, Fcγ receptor; iCasp9, inducible caspase 9.





mAb-Based Switches

Another suicide switch strategy for the selective in vivo ablation of CAR T cells is their genetic engineering to coordinately express a CAR and a recombinant cell surface protein (111–113). This recombinant protein should retain a conformationally intact binding epitope recognized by a given pharmaceutical-grade mAb such as cetuximab (EGFR-specific mAb) or rituximab (CD20-specific mAb) (111–113). This approach renders the mentioned CAR T cells susceptible to antibody-dependent cell-mediated cytotoxicity (ADCC) or complement-dependent cytotoxicity (CDC) upon exposure to that reagent without altering their cytotoxic functionality (Figure 6B) (111–113). The suicide system based on the use of cetuximab can be considered a more compatible option for application in patients with hematologic malignancies (including ALL) since it would not ablate B cells and it is also a more considerate option for those leukemia patients who are seeking adoptive T cell therapy but are already under rituximab treatment. Moreover, there has not been any truncated form of the tetraspan transmembrane protein of CD20 that can conformationally retain its capacity for rituximab binding (112, 114–116). It is also encouraging to mention that there have been no signs of immunogenicity mounted against the EGFRt molecule (a truncated form of the epidermal growth factor receptor) of the EGFRt-positive CAR T cells in preclinical mouse models (113). These findings support the hypothesis that the administration of cetuximab might result in the recovery of the B cell compartment in patients who have undergone CD19-based CAR T cell therapy and experienced prolonged persistence of CD19-redirected CAR T cells, B cell aplasia, and complete tumor regression (113). However, there are still some concerns about the clinical applicability of such mAb-based switches since the administration of mAbs into patients might result in serious damages to healthy tissues that express the native form of the recombinant protein (103). Even though such concerns might limit the broader development of safety switches based on this platform, their clinical evaluation completed in the upcoming years will elucidate these matters.



iCasp

Another example of an inducible safety switch is based on the recombinant fusion of a modified FKBP12 (human FK506-binding protein) to the human caspase 9 or the membrane-anchored intracellular domain of Fas (117, 118). This approach enables at-will dimerization in the presence of a biologically inert dimerizing agent (such as AP1903) (117, 118). Conceptually, the modified FKBP12 binds to the synthetic dimerizing drug with high affinity allowing for the dimerization and subsequent activation of the inducible caspase 9 (iCasp9) or the Fas-based suicide switch (117, 118). This results in a caspase cascade that leads to the apoptosis of the cells expressing these constructs (Figure 6C) (117, 118). Furthermore, studies have reported the elimination of >90% of the iCasp9-equipped T cells within 30 minutes following a single-dose administration of the dimerizing drug in patients with GVHD (118). Moreover, this rapid elimination correlated with the resolution of GVHD without recurrence (118). Furthermore, the iCasp9 switch has been known to possess several advantages over other safety switches such as its low immunogenicity profile (due to the human origin of the iCasp9 suicide gene) and the utilization of a biologically inert small molecule for its activation (instead of antiviral agents such as ganciclovir) (118). These advantages make this safety switch a more suitable option for application in the field of cellular therapy. Moreover, the rapid cell death mediation of this switch through the engagement of the endogenous apoptotic pathway in the cell (occurring minutes after the administration of the dimerizing drug) is much faster than other safety switches that require interference with DNA synthesis for cell death induction (119–124)





Strategies for Overcoming Tumor Relapse

No single antigen might be considered a universal one because of the antigenic heterogeneity profile within a single tumor and among different patients. Antigen loss, antigen downregulation, or the emergence of alternatively spliced antigens (that no longer can be targeted by CAR T cells due to the loss of the recognized epitope) are all among elaborate antigen-dependent strategies performed by tumor cells to escape immune recognition (125–127). Such phenomena consequently limit the tumoricidal efficacy of targeted immunotherapy resulting in poor clinical responses (125–127). Simultaneous multispecific targeting is one of the proposed strategies aimed at offsetting tumor antigen escape variants which might provide enhanced durability of immunotherapy-mediated remission. CAR T cells whose CAR constructs are equipped with bispecific targeting domains in a tandem manner (Tandem CAR or TanCAR) or T cells co-expressing two different chimeric receptors specific for two distinct TAAs might have superiorities compared with conventional CAR T cells. These genetically manipulated T cells are endowed with the ability to cytotoxically target tumor cells expressing either antigen or both antigens simultaneously. Such CAR T cells have exhibited accentuated antitumor activity in vitro and in animal models of human tumors such as glioblastoma and B cell malignancies (128–134). According to a recent report from a clinical trial (NCT03185494) evaluating the tumoricidal efficacy of bispecific CD19/CD22-redirected CAR T cells in adult R/R B-ALL patients, all of the 6 patients (100%) experienced MRD-negative CR without the onset of neurotoxicity (135).

Furthermore, in cases of disease relapse, UniCAR T cells can also be beneficial since they can initiate cytotoxic reactions against the evading tumor cells upon the introduction of targeting modules that target a new tumor antigen (rather than the ones alternatively spliced or with expression loss or downregulation) (93). This capability demonstrates why this CAR platform is universally applicable towards different target antigens of interest without the need for redesigning a new CAR construct.



Strategies for Overcoming the Immunosuppressive TME


The Hypoxic TME Nature

The major differences in the nature of normal and cancerous tissues can be exploited for developing smart TME-responsive or -dodging therapeutic approaches. The poor level of nutrition availability, low extracellular pH (acidosis), and low oxygenation level (hypoxia) are among various TME-specific characteristics (136, 137). The hypoxic microenvironment is characterized by oxygenation levels often below 1-2% (136, 137). Moreover, the immunosuppressive hypoxia-A2-adenosinergic axis is a very interesting characteristic of many treatment-resistant tumors (138). Discovering the key roles of the upstream factors in this pathway has led to the development of unique counterstrategies for inhibiting the hypoxia/hypoxia-inducible factor-1α (HIF-1α) axis (139, 140). Preclinical investigations targeting the A2A adenosine receptor (A2AR) and the adenosine-generating ectoenzyme CD73 have led to significant therapeutic efficacy (139–142). In detail, the hypoxic environment of the TME stabilizes HIF-1α leading to an elevation in the expression level of adenosine-generating ectoenzymes including CD39 and CD73 (143). The increments in the level of CD39 and CD73 elevate the level of adenosine (143). Further on, adenosine binds to A2AR on T cells which leads to the elevation in the level of cAMP (143). This elevation activates the cAMP-dependent protein kinase A (PKA), through the binding of cAMP to PKA (143). The downstream signaling cascade resulting from PKA activation in T cells leads to the blockage of TCR signaling and the expression of immunosuppression-responsible genes through the cAMP Response Element (CRE) (143). HIF-1α additionally controls the expression of factors responsible for tumorigenicity and immunosuppression through the Hypoxia Response Element (HRE) in a straightforward manner (143). Therefore, the CRE and HRE downstream signaling cascades decrease the level of INF-γ, IL-12, and IL-2 secretion and elevate the level of the TGF-β signaling pathway and IL-10, PD-1, CTLA-4, COX-2, and T-regulatory (Treg) expression (143). Conclusively, the hypoxic nature of the TME mediates an elevated level of anergy and exhaustion and a reduced level of cytokine production and secretion in T cells and CAR T cells (143). Researchers have shown that supplemental oxygenation and utilizing oxygenation agents can reverse hypoxia in the TME (143–145). They have suggested that this method can avert the stabilization of HIF-1α and impair the hypoxia-adenosinergic immunosuppressive axis (143–145). They have demonstrated that this method can reprogram the nature of the TME from “immunosuppressive” to “immunopermissive” (143–145). Moreover, they have underlined the clinical application of systemic oxygenation and oxygenation agents in conjunction with the A2AR blockade to further tackle the TME immunosuppressive nature (143). This strategy disrupts the upstream and downstream (hypoxia-HIF-1α and adenosine-A2AR, respectively) cascades of the immunosuppressive hypoxia-adenosinergic signaling axis and can maximize the therapeutic benefits of A2AR antagonists alongside elevating the susceptibility of tumors to cancer treatments (Figure 7) (143). Furthermore, other researchers have exploited the hypoxia of TME and have designed smart self-decision-making CAR T cells (146). They have fused an oxygen-sensitive subdomain of HIF-1α to a CAR scaffold and generated CAR T cells that are responsive to a hypoxic environment (146). This strategy has been developed to restrict the expression of CAR to only those CAR T cells residing in the hypoxic TME (rather than the ones in the non-hypoxic environment of non-malignant tissues) (146). Therefore, these CAR T cells can reduce the off-tumor effects of conventional CAR T cells (146).




Figure 7 | The effects of hypoxic or oxygenated TME on the fate, functionality, and antitumor activity of T cell or CAR T cells. The upper panel shows the hypoxic TME. In this condition, the low level of O2 leads to the stabilization of HIF-1α which elevates the expression level of CD39 and CD73 leading to the excessive production of adenosine. Adenosine binds to A2AR causing an elevation in the level of cAMP, and cAMP activates PKA. Further on, PKA inhibits TCR and CAR signaling and upregulates the expression of immunosuppresion contributors via CRE. Moreover, HIF-1α elevates the expression level of immunosuppressive genes through HRE. The activated CRE and HRE signaling cascades together reduce the level of INF-γ, IL-12, and IL-2 expression and upregulate TGF-β, IL-10, PD-1, CTLA-4, COX-2, and Treg expression. In the lower panel, supplemental oxygenation or using oxygenation agents elevates the level of O2, therefore, the downstream signaling pathway cannot proceed as it would in the case of a hypoxic microenvironment. TME, tumor microenvironment; HIF-1α, Hypoxia-inducible factor-1α; A2AR, A2A adenosine receptor; PKA, protein kinase A; CRE, cAMP Response Element; CREB, cAMP Response Element-Binding Protein; HRE, Hypoxia Response Element; TCR, T cell receptor; CAR, chimeric antigen receptor.





Metabolic Reprogramming of CAR T Cells

The effector function and differentiation state of T cells are highly impacted by their cellular metabolism condition (147). Moreover, the components of CARs expressed in transduced T cells have impacts on their nutritional intake and metabolic state (147). The metabolism-functionality relationship found in T cells can be used as a tool for defining their fate, activity, and effector function (147). For instance, studies have shown that the presence of 4-1BB co-stimulatory domain in the construct of CARs persuades the T cells to develop central memory phenotype and have an enhanced oxidative breakdown of fatty acids alongside improving their expansion capacity and persistence (147). On the other hand, the CD28 co-stimulatory domain improves glycolysis and makes CAR T cells develop effector memory phenotype (147). Moreover, supplementation such as supplementing with L-arginine can balance the elevated arginine metabolism in activated T cells alongside improving tumoricidal functionality and inducing central memory phenotype development (148).

Having a detailed gene expression profile of the genes mostly involved in cellular metabolism can help us achieve the goal of metabolic reprogramming of T cells by modifying the expression level of metabolic genes. This topic has been at the center of T cell reprogramming investigations since it has recently shown encouraging results. In this regard, it has been found that leukemic cells inhibit the Akt/mTORC1 signaling of T cells triggering their impaired functionality (149). Leukemic cells also mediate the downregulation of the glucose transporter Glut1 leading to a decreased level of glucose uptake in T cells (149). Overexpressing the Akt pathway or the Glut1 transporter is the proposed strategy to tackle this caveat caused by leukemic cells (149). This strategy can somewhat bring back the functionality of the T cells to the level before the negative impacts were imposed on them by the tumor cells (149). Moreover, PPAR-gamma co-activator 1a, also known as PGC1a, is a transcription factor co-activator affecting various cellular metabolic pathways. This metabolic regulator is downregulated in T cells infiltrating tumor sites (150). Researchers have found that the overexpression of PGC1a in T cells rebuilds their effector functionality as well as their metabolic and mitochondrial activity (150). Additionally, genetically suppressing Acetyl-CoA acetyltransferase (ACAT1), which is a cholesterol esterification enzyme converting excess cholesterol to cholesterol esters, in T cells leads to an elevation in the cholesterol concentration of the T cell plasma membrane (151). As a consequence, this phenomenon will effectively improve T cell signaling, thus mediating a better effector function and antitumor activity (151).

Furthermore, studies have used the characteristics and behavior of tumor cells and tissues to reprogram the metabolism of T cells (152, 153). In this regard, it has been discovered that necrotic tumor cells release potassium (K+) in the TME which leads to the excessive accumulation of this ion (152). This phenomenon elevates the intracellular concentration of K+ in the tumor-infiltrating T cells more than the normal level leading to a limitation in their nutrient uptake (152). Moreover, this accumulation in T cells downregulates their Protein Kinase B (Akt)/mammalian target of rapamycin (mTOR) signaling and interferes with T cell activation signaling (152). Researchers have shown that overexpressing K+ channels can act to reduce the elevated intracellular K+ levels, promote Akt/mTOR activity, and bring back the diminished effector function of T cells (152). Moreover, researchers have found a solution for the K+ accumulation-mediated limited nutrient uptake of T cells in the TME (153). They have found that ex vivo culturing and activation of T cells in a K+-elevated condition, which resembles the restricted nutrient uptake state in the K+-accumulated TME, prepares the T cells for the mentioned condition through their metabolic reprogramming (153). This preparation of T cells keeps their stemness and improves their antitumor cytolytic properties (153). Taken together, the abovementioned metabolic reprogramming strategies either improve T cell and CAR T cell responses, activity, and effector function in the TME or they avert the negative effects of particular TME-specific modifications performed by the tumor cells on the infiltrating T cells.




Conclusion

30 years after the first genetic manipulation of T cells for generating CAR T cells, today, they can be known as the lifeblood of immunotherapeutics. In 2018, the American Society of Clinical Oncology (ASCO) named CAR T cell therapy “Advance of the Year” which further highlights the key role of this fighting soldier in the cancer treatment revolution. However, CAR T cell therapy toxicities and limitations appear as stones thrown at its fragile success. Therefore, clinical and basic science research efforts are highly required for addressing these ongoing/unsolved caveats. The herein discussed strategies might pave the way for less toxic and more effectual CAR T cell therapies with more favorable clinical outcomes since such toxicities are success-limiting factors themselves. However, as discussed throughout this review, each of these strategies might have its advantages and disadvantages over another which will define their applicability depending on the need. Moreover, the majority of these strategies are still in the laboratory or preclinical development which highlights the fact that they might require further optimization for translational purposes. Also, some of these strategies are currently under clinical evaluation and their clinical potential and efficacy are to be determined in the upcoming years. Furthermore, the fact that CAR T cell therapy has remarkably achieved four FDA approvals in the case of hematologic malignancies indicates that this type of immunotherapy might soon be a popular choice for the treatment of a wide spectrum of oncological indications (and even immunological indications). This should encourage scientists to optimize the already introduced strategies or to design and develop novel ones to address the remaining hindrances. In a nutshell, these strategies might be applied in a synergistic fashion to orchestrate a safer CAR T cell therapy whilst maximizing its tumoricidal efficacy in a way that it is just good news for patients with difficult-to-treat malignancies.
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Background

Recent research of clear cell renal cell carcinoma (ccRCC) is focused on the tumor immune microenvironment (TIME). Chromatin accessibility is critical for regulation of gene expression. However, its role in different immunological subtypes of ccRCC based on immune cell infiltration has not been systematically studied.



Methods

Five hundred thirty patient data from The Cancer Genome Atlas Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) were adopted to estimate immune cell infiltration. Twenty-four types of immune cells were evaluated with single-sample Gene Set Enrichment Analysis (ssGSEA). Patients were divided into two clusters based on immune cell infiltration. Systematic chromatin accessibility analysis was conducted based on the two clusters.



Results

We compared the relative expression of the immune gene signatures among 530 patients of TCGA-KIRC using ssGSEA. Overall survival (OS) analysis revealed 10 types of immune cells were significantly associated with prognosis. Patients were divided into two clusters based on 24 types of immune cell infiltration. Immune cell signals as well as PD-1/PD-L1 signal were higher in cluster 1. Among the two clusters, 2,400 differential peaks were found in TCGA-KIRC Transposase Accessible Chromatin with high-throughput sequencing (ATAC-seq) data. The distribution of differential peaks and prognosis-related immune cells in 23 chromosomes are essentially the same. There is no peak distribution downstream. The proportion of peaks upstream of the 5’ transcription start site decreases, and both sides of binding regions of the TSS 0.1-1 kb becomes smaller. Enrichment analysis of GO and KEGG of these differential peaks showed that they are remarkably related to the immune regulation in tumor microenvironment. Known motifs and de novo motifs were found by linking motif annotations to different peaks. Survival analysis of related motif transcription factors were prognostic. The GSEA enrichment analysis showed that high SP1 expression positively correlates with TGF-beta signaling and inflammatory response, while negatively correlates with TNF-alpha signaling via NFKB. High KLF12 expression negatively correlates with interferon gamma response, IL2-STAT5 signaling, TNF-alpha signaling via NFKB, IL6-JAK-STAT3 signaling.



Conclusion

The abnormality of chromatin accessibility may play an important regulatory role in ccRCC immunity.





Keywords: clear cell renal cell carcinoma, the tumor microenvironment, chromatin accessibility, transcription factor, immune cell infiltration



Introduction

Renal cell carcinoma (RCC) is one of the most common malignant tumors in the urinary system. It is ranked top 10 most lethal tumors in both men and women in the United States (1, 2). The main pathological type is clear cell renal cell carcinoma (ccRCC), one of the most aggressive type (3), accounting for approximately 75% of all RCCs (4). With the breakthrough of immunotherapy, the tumor immune microenvironment has increasingly attracted more attention in cancer research. The tumor microenvironment heavily affects tumor progression and may affect responses to systemic therapy (3). RCC is a tumor with one of the most immune cell infiltration in pan-cancer (3), and the tumor immune microenvironment has become the focus for research in ccRCC (4, 5).

Previous studies revealed that the tumor microenvironment of ccRCC was infiltrated with high levels of different types of immune cells, which had different effects on the prognosis of ccRCC (5, 6). Single-sample GSEA (ssGSEA) was a methodology used to investigate immune cell infiltration in tumor tissues, including in ccRCC (7, 8).

Chromatin accessibility is an important epigenetic event, which is important to regulation of gene expression (9). Although encoding proteins, which only accounts 2% of the human genome, had been extensively studied, the non-coding genome and gene regulation remained to be explored and established in cancer (10). DNA regulatory elements, including enhancers, silencers, and promoters and so on, are scattered on the non-coding genome and may exert long-range influences; genes could be turned on and off by transcription factor (TF) proteins acting on these elements (10). The accessible genome accounts for ~2–3% of total DNA sequence, but captures more than 90% of regions bound by TFs (11). Chromatin state changes have been identified with tumor initiation, migration, tumor metastatic progression (12). Changes in chromatin accessibility affect the binding of TFs to their cognate genomic sequences (12). Local accessibility of chromatin is used to identify DNA regulatory elements, which tend to be relatively open due to their interactions with transcription related proteins (13).

Transposase Accessible Chromatin with high-throughput sequencing (ATAC-seq) is a method that profiles genome-wide chromatin accessibility. It uses hyperactive Tn5 transposase to assess chromatin accessibility. Sequencing reads can be used to depict accessibility and map regions of transcription factor binding and nucleosome positioning (14). Reads from a small number of cells can reflect accessible regions of chromatin through ATAC-seq (9). ATAC-seq has been used to produce comprehensive data of chromatin accessibility, and these data may serve as a fundamental resource for the cancer research community (10). Applying ATAC-seq can deepen our understanding of gene expression regulation, such as genome-wide binding sites of transcription factors and chromatin accessibility between different samples (9).

In patients with different immune infiltration status, whether they have different chromatin accessibility, and if so, whether the chromatin accessibility has a role in different immune status, have not been illustrated. In this study, we used ssGSEA based on 24 types of immune cells to compare the relative infiltration levels among TCGA-RCC patients. Using the infiltration profile of 24 types of immune cells, two immunological subtypes of patients were clustered by K-means clustering method. These two clusters of patients have differentially immune-infiltrated cells and different prognosis. To further examine changes in the chromatin accessibility between the two immunological subtypes of ccRCC, we systematically analyzed chromatin accessibility based on different immunological subtypes of ccRCC.



Materials and Methods


Data From TCGA Database

Molecular data of samples pathologic diagnosed with ccRCC were obtained from The Cancer Genome Atlas (TCGA) database. HTSeq transcriptome counts the data from TCGA-KIRC cohort, which contains 72 para-cancer and 539 cancer samples, and was downloaded from the Genomic Data Commons (GDC) using TCGAbiolinks package in R software. Corresponding clinical information of TCGA-KIRC patients was acquired from the cBioPortal (https://www.cbioportal.org/) website. After removing the para-cancer and duplicated secondary sequencing samples, 530 KIRC samples were selected and considered for further study. In the subsequent processing, gene symbol of Ensembl ID for protein-coding mRNAs was annotated by GENCODE27 and the average expression data were calculated by the avereps function of Limma package in R software when duplicated gene symbol was met. In addition, we calculated the Transcripts Per Kilobase Million (TPM) values of each gene and those genes with TPM values of <1 in over 90 percent KIRC samples served as noise signals and would be removed from further analysis. For the ATAC-Seq data, we used the raw count and normalized matrix obtained from TCGA database (10), in which the column names contain the sample IDs and each row of names corresponds to peak IDs including chromosome number, start, and end coordinates. TCGA-KIRC ATAC dataset contains 32 cancer samples and they all have matching RNA-Seq data and clinical information.



Immune Cells Infiltration Profile Analysis

We performed ssGSEA algorithm by using the GSVA package in R software to calculate the signal enrichment score of 24 immune cell types in TGCA-KIRC samples (15). The ssGSEA algorithm applies background gene-set signatures by immune cell phenotype to individual samples (16, 17). Briefly, enrichment scores of the 24 immune cells are computed by 627 background gene-set signatures, and the primary enrichment score of gene signatures corresponding to target immune cell types are averaged and normalized. Then, a cell signal matrix was generated including 24 types of immune cells of each TCGA-KIRC samples. Those immune cells are involved in innate immunity [including eosinophils, neutrophils, monocytes, mast, macrophages, NK CD56 bright cells, NK CD56dim cells, dendritic cells (DCs), aDC, iDC, pDC, and natural killer (NK) cells] and adaptive immunity [such as B cells, T helper (Th), Tcm, Tem, TFH, Tgd, Th1 cells, Th17 cells, Th2 cells, Cytotoxic T cells, TReg, and CD8 T cells].



Clustering Analysis Based on Immune Infiltrating Cells

We then performed an unsupervised clustering method (K-means) with Euclidean distance to cluster TCGA-KIRC samples based on 24 immune cell types, which could lead to distinct clinical outcomes and molecular characteristics. In this study, K-means clustering visualization was performed in R software using the factoextra and the ggpubr R packages. In addition, we calculated K-means clustering using K = 2 and K = 3 respectively, as the final result of K-means clustering is sensitive to random starting assignments, we specified nstart = 100. This means that R software will try 100 different random starting assignments and then select the best results. We further analyzed the prognosis of patients with K = 2 and K = 3, and determined the classification pattern of follow-up study. Pheatmap package in R software was used to observe the alterations of the global immune cell infiltrates between immune subtypes of TCGA-KIRC samples. To further analyze the molecular function of each subgroup, PD-1/PD-L1 signal reference gene-set was downloaded from MSigDB gene-set hub (http://software.broadinstitute.org/gsea/msigdb/index.jsp) and illustrated in heatmap of immune cells signals.



Function Annotation and Gene Set Enrichment Analysis

To study the potential mechanism of immune subtypes in tumorigenesis and metastasis of KIRC patients, GSEA was performed using the ClusterProfiler and org.Hs.eg.db packages which was developed by Yu et al. (18) from Bioconductor (http://www.bioconductor.org/), and a p value less than 0.01 was considered as statistically significant. In order to analyze the biological function of TFs in TCGA-KIRC cohort, single GSEA was performed by using the ClusterProfiler and org.Hs.eg.db packages based on the median TPM value of each TF, with the 530 KIRC samples divided into high and low expression group. Reference gene-set (c2.cp.kegg.v6.2.symbols.gmt) was downloaded from MSigDB gene-set hub (http://software.broadinstitute.org/gsea/msigdb/index.jsp) and a p value less than 0.01 was considered as statistically significant.



Difference Peaks and Annotation Analysis

Difference accessibility peaks (DAPs) between two immune subtypes were identified by edgeR packages in R software based on raw count ATAC-Seq data downloaded from TCGA database and a p value less than 0.05 and fold-change over 2.0 were considered as statistically significant in DAP analysis. Then, the chromosome sites of DAPs were annotated with TxDb.Hsapiens.UCS C.hg38.knownGene, org.Hs.eg.db, ChIPseeker, and clusterProfiler packages in R software. The annotation sites in chromosome of DAPs including downstream, three untranslated region (UTR), five UTR, distal intergenic, exon, intron, and promoter. Generally, the Venn diagram is a better way to present relationships of interactive sets between different data sets, but this would be hard to read when dealing with multiple data sets (over five). To address this, we used the UpSet package in R software in this study. The biological function of DAPs located 3,000 bp upstream and downstream of the transcription start site (TSS) were annotated with clusterProfiler package in R software. Finally, we ran chromVAR, Biostrings, and BSgenome.Hsapiens.UCSC.hg38 packages in R software to obtain the sequence of DAPs and used the online tools available from Multiple EM for Motif Elicitation (MEME: http://meme-suite.org/tools/meme) to annotate and enrich DAP sequence-related motif.



Statistical Analysis

In this study, continuous variables were described as mean and standard deviation (SD), or median and quartiles (Q), depending on the value distribution of each variable which was tested by the Shapiro-Wilk test. Categorical code variables were reported as frequencies and proportions. The statistical methodology used to compare the difference between immune subtypes of TCGA-KIRC samples included two independent samples t-test and paired samples t-test for mean values, Mann-Whitney U-test for median values, and Fisher’s exact test for frequencies and proportions variables. The correlation between two immune cell types were tested by Spearman (Rho) coefficients and presented as correlation matrix. In addition, we performed K-means method to cluster the 24 immune cell types and analyze the cell-cell interaction pattern between immune cells. The prognostic values of 24 immune cell types and related cluster profile were evaluated by Kaplan-Meier curve and univariate Cox regression model in R software (survival package). In this study, all statistical tests were performed in R software (Version 3.5.1; Microsoft, Redmond, WA, USA) and a p value of <0.05 (two-tailed) was considered as statistically significant.




Results


The Profile of Immune Cell Infiltration in ccRCC

Using ssGSEA, we identified immune infiltration of 24 types of immune cells in the 530 tumor samples of TCGA-KIRC (Supplementary Table 1). Overall survival analysis of every type of immune cells was performed (Figure 1, Supplementary Table 2), and we found that the presence of Treg, aDC, NK CD58 bright cells, and Th2 cells was associated with unfavorable prognosis (p < 0.001, p = 0.013, p < 0.001, and p = 0.00019), while Th 17 cells, neutrophils, mast cells, NK cells, Tgd, and Tcm were associated with favorable prognosis (p < 0.015, p = 0.00055, p < 0.0036, p = 0.0084, p = 0.04, and p = 0.0028) in ccRCC. Univariate Cox analysis of 24 types of immune cells was also conducted, showing that the presence of Th17 cells, Th2 cells, mast cells, CD56 bright NK cells, TReg, NK cells, Tgd, iDC, Th1 cells, Tcm, neutrophils, aDC, and pDC is clinically prognostic (under p < 0.05) (Supplementary Table 3).




Figure 1 | Overall survival analysis of the 24 immune cells based on median scores calculated by ssGSEA, the score higher than the median score was considered high, while lesser score was considered low.



According to the correlation analysis, we found that these immune cells are mainly grouped into four clusters (Figure 2A). Moreover, the immune cell interaction network displays a comprehensive landscape of cell cluster and their effects on the OS of patients with ccRCC, which is divided into four categories according to the K-means clustering algorithm (Figure 2B). From the results, it can be seen that Treg cells have the strongest connectivity with other cells and have a positive coordination effect with other cells.




Figure 2 | Immune cell correlation analysis and interaction network. (A) Correlation analysis between cells, the scale is the correlation coefficient, and it can be divided into four categories, among which those related to the prognosis of survival analysis are marked with * ; (B) Cell-cell interaction network, which is divided into four categories according to the K-means clustering algorithm. Line thickness represents correlation, node size represents the P value for overall survival using the Kaplan-Meier method.





Immunological Subtypes of Patients with ccRCC According to Immune Cell Infiltration

Clustering of ccRCC using immune infiltration levels revealed two clusters of differentially infiltrated tumors (Figure 3A), namely high- and low-infiltration patients, and they were significantly distinguished among to the two clusters (Figure 3B). Clinical and molecular characteristics, such as race, gender, TP53 mutation, and tumor laterality had no statistical difference between the two groups (Figure 3B). Immune cell signal was higher in cluster 1, as well as PD-1/PD-L1 signal, which could explain why the overall survival time of cluster 1 was shorter than cluster 2 (Figure 3C). Patients with higher PD-1/PD-L1 signals are considered to be immunosuppressed.




Figure 3 | K-means clustering method identifies patients of ccRCC with distinct immune cell infiltrates. (A) Patients could be clustered into two groups (Cluster 1 and Cluster 2) with distinct immune cell profiles by K-means method; (B) The clustering heatmap of immune cell infiltrates and related clinical parameters. The heatmap of two clusters is obviously distinct, among which Cluster 1 is immune-high, and cluster2 is immune-low. The molecules related to the PD-1/PD-L1 signaling pathway are consistent with the two subtypes of patients; (C) The Kaplan-Meier overall survival results of two clusters, Cluster 1 has a better prognosis than Cluster 2; (D, E) Gene Set Enrichment Analysis (GSEA) analysis of the two clusters, in which the immune signal of Cluster 1 is higher than that of Cluster 2. The ES (enrichment score) represents the degree to which a gene set is overrepresented at the top or bottom of the ranked gene list.



According to K-means clustering analysis, there were three clusters of patients, but Cluster 2 and Cluster 3 are inseparable in prognosis thus clinically meaningless, therefore we finally selected two classification (K = 2) for further study (Supplementary Figure 1). Demographical and clinicopathological characteristics between Cluster 1 and Cluster 2 were shown in Supplementary Table 4. Under the two clusters’ classification, most immune cell scores of the 24 types of immune cells were significantly different between the two immunological subtypes of ccRCC (Supplementary Figure 2), except for eosinophils, iDC, neutrophils, Tcm, Tem, Tgd.

To obtain deeper insights into the function of the immune infiltration in ccRCC, we used GSEA enrichment with transcription profiling to explore altered pathways between the two clusters (Supplementary Table 5), and we found cluster 1 to have enriched immune-related pathways (Figures 3D, E). For example, Cluster 1 was enriched in IL-17 signaling pathway gene set (ES = −0.50, p = 0.003497, FDR = 0.021048), NK cell-mediated cytotoxicity gene set (ES = −0.63, p = 0.004237, FDR = 0.021048), PD-L1 expression and PD-1 checkpoint pathway (ES = −0.55, p = 0.00341297, FDR = 0.021048), Th1 and Th2 cell differentiation (ES = −0.61, p = 0.00341297, FDR = 0.021048), Th17 cell differentiation (ES = −0.65, p = 0.00349650, FDR = 0.021048) (Figure 3D), cAMP signaling pathway (ES = 0.46, p = 0.003571, FDR = 0.02108), chemical carcinogenesis gene set (ES = 0.54, p = 0.0042735, FDR = 0.021048), epithelial cell signaling in Helicobacter pylori infection (ES = 0.56, p = 0.004249, FDR = 0.021048), PPAR signaling pathway (ES = 0.56, p = 0.004267, FDR = 0.021048), and Vibrio cholerae infection (ES = 0.73, p = 0.001475, FDR = 0.021048) (Figure 3E).



Chromatin Accessibility Analysis Based on Different Immunological Subtypes of ccRCC

To further examine changes in the epigenome between the two immunological subtypes of ccRCC, we analyzed chromatin accessibility with ATAC-seq data of TCGA-KIRC. There were 6 and 26 cases corresponding to cluster 1 and cluster 2 respectively. In total, 94,817 accessible locations are identified in all samples and the total peaks were shown in Figure 4A. In order to explore whether different chromatin accessibility leads to different immune status, we first analyzed differential peaks between two immunological subtypes, and found that there were 2,400 differential peaks under adjusted p-value <0.05, change folder <2 (Figure 4B). Interestingly, differential peaks and prognosis-related immune signal genes distributed across the genome in the 23 chromosomes were basically the same (Figure 4C), suggesting that the abnormality of chromatin accessibility plays an important regulatory role in ccRCC immunity.




Figure 4 | Differential peak analysis of TCGA-KIRC ATAC-seq data based on two clusters. (A) MA distribution map of change folds of peaks; (B) 2,400 differential peaks (Supplementary Table 6) when the corrected p-value <0.05, change folds greater than 2; (C) Distribution of differential peaks and prognosis-related immune cells on chromosomes.



Distribution of all peaks is shown in Figure 5A, and no peak distribution is seen downstream. Most of the peaks are distributed in introns, while some peaks can be distributed across multiple regions at the same time (such as introns, promoter, exon, 3’-UTR). Distribution of differential peaks (Supplementary Table 6) are summarized in Figure 5B. The distribution characteristics are similar to those of all peaks (Figure 5A), but some changes can be seen. For example, the ratio of peaks across the 5’UTR are simultaneously higher, but the ratio of total 5’UTR area are decreased, similar correlation can be found in the ratio of peaks simultaneously across distal intergenic regions.




Figure 5 | Annotations of Differential peaks. (A) UPSET graph shows the distribution of all peaks. No peak distribution is seen downstream, most peaks are distributed in the introns, one peak can be distributed in multiple regions at the same time (such as introns, promoter, exon, 3’-UTR), peak proportion of containing both exon and promoter is the highest. (B) UPSET shows the distribution of differential peaks. A higher proportion of peaks simultaneously across the 5’UTR, but the total 5’UTR area ratio decreases; (C) Distribution of all (ALL) and differential peaks (DP) at the transcription start site. It shows that the proportion of peaks upstream of the 5’ transcription start site decreases; (D) Visualization of peaks on both sides of the TSS site in the range of 0.1–1 kb, which shows differential peaks becomes smaller; (E, F) GO and KEGG enrichment of differential peaks (Supplementary Table 7).



Next, we analyzed total and differential peaks distribution near transcriptional start sites (TSSs). Distribution of total peaks and differential peaks near TSSs can be found in Figure 5C. It can be seen that the proportion of peaks upstream of TSS decreases, suggesting that the openness of these regions is reduced and binding of transcription factors are affected. Both sides of the binding regions of the TSS in the range of 0.1–1 kb are smaller (Figure 5D).

To further investigate the potential biological behavior of differential peaks, the clusterProfiler package was used to perform GO and KEGG enrichment analysis (Figures 5E, F, Supplementary Table 7). The biological processes with significant enrichment were summarized in Supplementary Table 7. These peaks showed enrichment of biological processes significantly related to the immune regulation in tumor microenvironment.

We next sought to link motif annotations to differential peaks for key transcriptional regulators (Supplementary Table 8), including known motifs (Figure 6A) and de novo motifs (Figure 6B). The top 10 known motifs were SP1, KLF12, KLF1, SP3, SP1, KLF3, SP2, KLF9, BACH1, FOSL1. Survival analysis of related motif transcription factor results were shown in Supplementary Table 9 (SP1, p = 0.0144; KLF12, p = 0.0008; KLF1, p = 0.0022; SP3, p = 0.0064; KLF3, p = 0.0031; SP2, p = 0.0018; KLF9, p = 3.6899E-06; BACH1, p = 0.4767; FOSL1, p = 0.0005). The GSEA enrichment plot showed that high SP1 expression positively correlates with TGF-beta signaling and inflammatory response, while negatively correlates with TNF-alpha signaling via NFKB (Figure 6C). High KLF12 expression negatively correlates with interferon gamma response, IL2-STAT5 signaling (Figure 6D), and TNF-alpha signaling via NFKB, IL6-JAK-STAT3 signaling. These results suggest that both SP1 and KLF12 are associated with tumor immunity.




Figure 6 | Motif annotations of different peaks (A) known motif, (B) de novo motif (Supplementary Table 8), and related motif transcription factor survival analysis results (Supplementary Table 9); (C) SP1 Single Gene GSEA Analysis of Transcription Regulators; (D) Single Gene GSEA Analysis of KLF12 Transcription Factors.






Discussion

In the present study, we used ssGSEA method based on 24 types of immune cells to assess the infiltration rate of TCGA-KIRC, and found two different immunological subtypes (cluster 1 vs cluster 2), with cluster 1 having a higher immune cell signal than cluster 2, consistent with PD-1/PD-L1 signals. Overall survival analysis showed that cluster 1 had a poorer prognosis than cluster 2. We then systematically analyzed chromatin accessibility based on the two clusters. Further analysis of chromatin accessibility differences between the two clusters of patients implied that changes in chromatin accessibility may play a significant role in ccRCC immunity.

In the past decades, immunotherapy has achieved breakthroughs in various types of cancers (19). Due to dramatic heterogeneity and plasticity of the tumor immune microenvironment, and a rich existing bulk tumor sequencing data, it is still a monumental task to depict the immune cell infiltration and immune cell interactions (20–22). Many computational methods were used to infer immune cell infiltration, including CIBERSORT, xCell, MCP-counter, TIMER (20, 21, 23). In this study we used ssGSEA to quantify the immune infiltration based on 24 types of immune cells. ssGSEA is simple and can easily be adjusted, which computes an ES (enrichment score) representing the degree to which genes in a particular gene set are coordinately up- or downregulated within a single sample. Furthermore, the gene signature enrichment approach is rank-based and suitable for cross-platform evaluations (20, 21, 24).

Consistent with previous evidence, the tumor microenvironment of ccRCC was infiltrated with high levels of different immune cells, which have different effects on the prognosis of ccRCC (6–8). We found that the presence of Treg, aDC, CD58 bright NK cells, and Th2 cells were associated with unfavorable prognosis (p < 0.001, p = 0.013, p < 0.001, and p = 0.00019), while the presence of Th 17 cells, neutrophils, mast cells, NK cells, Tgd, and Tcm were associated with favorable prognosis (p < 0.015, p = 0.00055, p < 0.0036, p = 0.0084, p = 0.04, and p = 0.0028). TCGA-KIRC patients were divided into two categories by K-means cluster method based on the profiles of the 24 type immune cell infiltration. We found that patients with higher immune cell infiltration had higher PD-1/PD-L1 signal. OS benefited from low immune cell infiltration, as expected from low PD-1/PD-L1 signal. Patients with higher PD-1/PD-L1 signal represents an immune-inhibited status (19, 25)

Chromatin accessibility reflects both aggregate TF binding and the regulatory potential of a genetic locus (11). Chromatin accessibility changes are associated with tumor initiation, migration, tumor metastatic progression (12, 26, 27). ATAC-seq has emerged as one of the most widely used methods for accessing genome-wide chromatin accessibility. This method uses hyperactive Tn5 transposase, which simultaneously cuts DNA and inserts sequencing adaptors, preferentially in regions of open chromatin (9, 13). Regulation of transcription is a dynamic interaction between chromatin structure and recruitment of numerous transcription factors to DNA regulator elements, such as enhancers, upstream activator sequences, proximal promoter elements, and so on. The maintenance of accessible chromatin configurations requires binding of transcription factors to activate target genes (9). On the contrary, condensed chromatin restricts binding of transcription factors and transcriptional regulators to DNA regulator elements, which results in gene silencing (9). ATAC-seq could provide meaningful insight into the profile of chromosome accessibility.

Although there was significant difference in prognosis of the two clusters of TCGA-KIRC, the role of chromatin accessibility in ccRCC immunity has not been fully explored. In our study, we attempted to explore if chromatin accessibility changes are associated with tumor immunity using ATAC-seq data of TCGA-KIRC. We analyzed the distribution of peaks in the chromosomes, and found that there were 2,400 differential peaks under the adjusted p-value <0.05, change folder <2 (Figure 4B). Differential peaks and prognosis-related immune signal cells were distributed across the genome in a similar manner, suggesting that the abnormality of chromatin accessibility plays an important regulatory role in ccRCC immunity. The different peaks are distributed across the genome in a similar manner among all peaks, for example, there is no peak distribution downstream, indicating that the open chromatin area which plays a role in transcription regulation is mainly located upstream of the genes. But some changes can be seen, for example, the proportion of peaks upstream of the 5 ‘transcription start site decreases, and both sides binding regions of the TSS 0.1–1 kb becomes smaller, suggesting that the accessibility of these regions is reduced and transcription factor binding are affected. As expected, GO and KEGG enrichment analysis of these different peaks showed remarkably related to the immune regulation in tumor microenvironment, for example, T cell activation and regulation of T cell activation in GO terms, Fc gamma R-mediated phagocytosis, T cell receptor signaling pathway, Fc epsilon RI signaling pathway, and B cell receptor signaling pathway in KEGG pathways.

Previous evidence suggests that changes in chromatin accessibility affect the binding of transcription factors (TFs) to their cognate genomic sequences (12). The maintenance of accessible chromatin configurations requires binding of transcription factors to activate target genes (9). Considering the role of transcription factors in open chromatin, key transcription factors were found by linking motif annotations to different peaks. The top 10 known motifs were SP1, KLF12, KLF1, SP3, SP1, KLF3, SP2, KLF9, BACH1, and FOSL1. Overall survival analysis of related motif transcription factor showed that these factors had impacts on the patient’s prognosis (Supplementary Table 8; SP1, p = 0.0144; KLF12, p = 0.0008; KLF1, p = 0.0022; SP3, p = 0.0064; KLF3, p = 0.0031; SP2, p = 0.0018; KLF9, p = 3.6899E-06; BACH1, p = 0.4767; FOSL1, p = 0.0005). The enrichment plot of GSEA analysis of high SP1 expression shows positive correlation with TGF-beta signaling and inflammatory response, and negative correlation with TNF-alpha signaling via NFKB. High KLF12 expression negatively correlates with interferon gamma response, IL2-STAT5 signaling, and TNF-alpha signaling via NFKB, IL6-JAK-STAT3 signaling. These results suggest that both SP1 and KLF12 are associated with tumor immunity.

SP1 is one ubiquitous TF from the Sp/Kruppel-like family (KLF) TFs. It is involved in numerous cellular processes, including cell differentiation, cell growth, apoptosis, immune responses, response to DNA damage, and chromatin remodeling (28–32). The role of SP1 in RCC had also been investigated before. SP1 could bind to the promoter region of SNHG14 to upregulate its expression to promote migration and invasion of ccRCC (33, 34). Previous study also demonstrated that dephosphorylated Sp1 was more tightly associated with chromatin than its phosphorylated counterparts from either resting or mitotic cells (30), which suggested that the status of phosphorylation would affect the chromatin accessibility. Studies have shown that KLF12 regulates proliferation of cancer cell lines. Overexpression of KLF12 in endometrial and lung cancer cell lines correlated with increased cellular proliferation, decreased apoptosis, and increased in vivo tumor growth (35). Interestingly, one study indicated that KLF12 could regulate NK cell proliferation in mouse, indicating that KLF12 plays a major role in immunity (35). However, this study is not devoid of limitations. First, we have not found other datasets such as GEO datasets that includes ATAC-seq data, so there was lack of validation cohort to prove our finding. Second, all of these findings was not supported with at any explanation of possible mechanisms.



Conclusion

In summary, this study revealed that there were two different immunological subtypes (cluster 1 vs cluster 2) based on the 24 types of immune cells used to assess the immune infiltration of TCGA-KIRC, and that cluster 1 had higher immune cell signal than cluster 2, consistent with the PD-1/PD-L1 signal. Survival analysis found cluster 1 had a poorer prognosis than cluster 2. Systematically analyzed chromatin accessibility based on two clusters found that the differential peaks and prognosis-related immune signal cells are similarly distributed in the chromosomes. Further analysis of key transcription factors between the two clusters revealed that SP1, KLF12, KLF1, SP3, SP1, KLF3, SP2, KLF9, BACH1, FOSL1, and more may play an important role in these two different immunological subtypes. Further molecular biology experiments in vivo and in vitro are needed to investigate the mechanism of different immune status and the exact role of transcription factors in chromatin accessibility in ccRCC.
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Natural killer (NK) cells are key innate immunity effectors that play a major role in malignant cell destruction. Based on expression patterns of CD16, CD56, CD57, and CD94, three distinct NK cell maturation stages have been described, which differ in terms of cytokine secretion, tissue migration, and the ability to kill target cells. Our study addressed NK cell maturation in bone marrow under three conditions: a normal developmental environment, during pre-leukemic state (myelodysplastic syndrome, MDS), and during leukemic transformation (acute myeloblastic leukemia, AML). In this study, we used a new tool to perform multicolor flow cytometry data analysis, based on principal component analysis, which allowed the unsupervised, accurate discrimination of immature, mature, and hypermature NK subpopulations. An impaired NK/T cell distribution was observed in the MDS bone marrow microenvironment compared with the normal and AML settings, and a phenotypic shift from the mature to the immature state was observed in NK cells under both the MDS and AML conditions. Furthermore, an impaired NK cell antitumor response, resulting in changes in NK cell receptor expression (CD159a, CD158a, CD158b, and CD158e1), was observed under MDS and AML conditions compared with the normal condition. The results of this study provide evidence for the failure of this arm of the immune response during the pathogenesis of myeloid malignancies. NK cell subpopulations display a heterogeneous and discordant dynamic on the spectrum between normal and pathological conditions. MDS does not appear to be a simple, intermediate stage but rather serves as a decisive step for the mounting of an efficient or ineffective immune response, leading to either the removal of the tumor cells or to malignancy.
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Introduction

Natural killer (NK) cells are particular and important components of the immune system, with a major role in the clearance of damaged, virally infected, and tumor cells (1, 2). They achieve this goal with the help of a highly diverse repertoire of germline-encoded activating and inhibitory receptors that allow NKs to recognize and target cells that lack or downregulate the expression of major histocompatibility complex (MHC) class I molecules (3). The major inhibitory receptors maintain NK cells in an unengaged state and are comprised of the killer immunoglobulin-like receptor (KIR) family and the CD94-NKG2A heterodimer, whereas the main activating receptors belong to the natural cytotoxicity receptor (NCR) family (NKp46, NKp30, and NKp44), alongside the NKG2D variant (4–6). Several NK cells functional developmental stages have been described. The CD56bright CD94hi CD16−/+ NKG2A+ KIR− subtype is primarily involved in the secretion of cytokines and soluble amplifying factors (tumor necrosis factor α, TNFα; interferon γ, IFNγ) with pleiotropic effects, such as a high proliferative capacity, the recruitment of macrophages, the promotion of inflammation, the activation of dendritic cells, and lymphocyte priming (7, 8). The more mature CD56dim CD94med/low CD16+ NKG2A+/− KIR+ NKs are the most numerous NK type found in peripheral blood and bone marrow and exhibit mostly cytotoxic properties, acting to clear infected, damaged, or tumor cells via the release of lytic granules and antibody-dependent cellular cytotoxicity (ADCC) (7–11). The expression of CD57, a marker of highly differentiated NK cells, has been correlated with a higher cytotoxic potential and long lasting memory, a feature shared with cells that participate in adaptive immunity (12–14).

Unlike CD56dim NK cells, CD56bright NK cells are traditionally considered to be ineffective antitumor responders that function primarily in immunomodulation (15). Previously reported data show that NK cells play a paramount role in the control of the onset and progression of hematological tumors (16).

Several mechanisms, including the downregulation of activating receptors or the upregulation of inhibitory receptors on NK cells or the modulation of their corresponding ligands on cancer cells, appear to be responsible for tumor escape from NK cell recognition in hematological malignancies (16). Myelodysplastic syndromes (MDSs) are pre-malignant, clonal, hematopoietic cell disorders that are characterized by bone marrow cell dysplasia, ineffective hematopoiesis, and multilinear cytopenias and eventually progress to acute myeloid leukemias (AML), which are life-threatening hematological malignancies with poor clinical outcomes (17–19). The pathogenesis of MDS and AML is multifactorial, including early genetic and epigenetic events and changes in the marrow microenvironment and cellular immunity. Immune evasion mechanisms allow MDS disease-initiating hematopoietic stem precursor cells (MDS-HSPCs) escape from immune system surveillance and contribute to MDS installment and the progression toward AML (20–24). NK cells play an important role in clearing leukemic cells to control disease progression and are involved in therapy response and disease prognosis (25, 26). NK dysfunction in AML arises from maturation impairment, the low expression of cytotoxic subtypes, and the downregulation of activating receptors (26–28). Data gathered from allotransplanted patients, who were mismatched for KIR-human leukocyte antigen (HLA) compared with their respective donors, showed a lower incidence of relapse due to improved graft-versus-leukemia response (6, 29, 30). Altered NK cell functions were observed in both MDS and AML settings, including reduced ADCC and cytolytic properties. However, the maturation profiles of NK cells during the progression of MDS and AML remain poorly studied.

The newly developed unsupervised tools for flow cytometry data analysis can be used to identify better discriminatory markers, facilitating the development of complex panels for NK cell evaluation. In addition, the subsequent processing of these data in a non-subjective manner allows for the simultaneous visualization of multiple parameters that can be applied to summarize and interpret the results (31).

The focus of this study was to evaluate the potential qualitative and quantitative modifications of the three major NK subpopulations and the expression patterns of the CD159a (NKG2A), CD158a (KIR2DL1), CD158b (KIR2DL2/DL3), and CD158e1 (KIR3DL1) inhibitory receptors under pathological conditions. We used the Principal Component Analysis (PCA), a dimensionality-reduction tool from Infinicyt software, to perform the unsupervised identification of NK cell populations (31). Unlike most studies that have focused on evaluating circulating NK cells, we have exclusively examined bone marrow aspirates, which allowed us to better understand the immunological mechanisms that might influence the NK ontogeny.



Materials and Methods


Patients and Controls

Bone marrow (BM) samples were collected at the Lucien Neuwirth Institute of Cancerology (Saint-Priest-en-Jarez, France) between March 2020 and July 2020 from patients newly diagnosed with MDS (n = 25) and AML (n = 8), prior to starting therapy. Normal bone marrow samples (NBM; n = 30) were obtained from patients investigated for various cytopenias such as isolated anemia [nontropical sprue (n = 2), B-12/folic acid deficiency anemia (n = 7), anemias secondary to mechanical destruction (n = 5)], isolated thrombocytopenia (drug-induced thrombocytopenia (n = 9), non-hematopoietic autoimmune-mediated thrombocytopenia (n = 7)], without morphological dysplastic changes in hematopoietic cells and without excess of blasts on cytological examination of bone marrow aspirates. Written informed consent was obtained from each patient and NBM control, as approved by the institutional procedures of the independent ethics committee and the Comité de Protection des Personnes - Ile de France (NCT03233074/17.07.2017). Patients’ characteristics are summarized in Supplementary Table 1 and Supplementary Figure 1. The NBM group comprised patients aged from 10 to 90 years old (median: 64 years), while the MDS and AML cases ranged from 53 to 88 (median: 74) and from 16 to 84 years (median: 79), respectively. Thus, the NBM group considered in the study included suitable controls for both MDS and AML (Supplementary Figure 1A).

The 2016 World Health Organization (WHO) criteria was used to establish the diagnosis of AML and the classification of our MDS patients (Supplementary Table 2) (32). MDS with excess blasts (MDS-EB) type 1 (defined by 5-9% blasts in the BM) and MDS-EB type 2 (defined by 10-19% in the BM) were pooled together for statistical purposes.



Flow Cytometry Sample Preparation

Bone marrow aspirates were collected on K2-EDTA anticoagulant, and 800,000 cells, distributed in 4 tubes, were stained with the following backbone markers: mouse anti-human fluorescein isothiocyanate (FITC)-conjugated CD57 (clone HNK-1), mouse anti-human peridinin chlorophyll protein-cyanine5.5 (PerCPCy5.5)-conjugated CD3 (clone SK7), mouse anti-human allophycocyanin (APC)-conjugated CD16 (clone 3G8), mouse anti-human phycoerythrin cyanine7 (PECy7)-conjugated CD56 (clone B159), mouse anti-human PE-conjugated CD94 (clone HP-3D9), mouse anti-human APC-H7-conjugated, CD19 (clone SJ25C1), and mouse anti-human V500-conjugated CD45 (clone HI30). Thereafter, the cells were separated into 4 tubes and further stained with one of the following markers: mouse anti-human brilliant violet 421 (BV421)-conjugated CD158a (clone HP-3E4), mouse anti-human BV421-conjugated CD158b (clone DX27), mouse anti-human BV421-conjugated CD158e1 (clone DX9), and mouse anti-human BV421-conjugated CD159a (clone 131411). The antibodies were supplied by BD Biosciences, and the optimal concentrations were set after successive titrations. Following staining, the samples were incubated for 15 minutes in the dark at room temperature (RT) and then the red blood cells were lysed with 2 ml 1× fluorescence-associated cell sorting (FACS) lysis solution (BD Biosciences, San Jose, CA, USA), followed by another 10 minutes of incubation at RT in the dark. After two successive washing steps with 2 ml phosphate-buffered saline (PBS), containing 0.2% bovine serum albumin (BSA), 0.009% sodium azide (AZ), and 0.07% ethylenediaminetetraacetic acid (EDTA) followed by centrifugation for 5 min at 400 × g, the samples were ready for acquisition on a FACSCanto II cytometer (BD Biosciences, San Jose, CA, USA) using BD FACSDiva v1.6 software. Details regarding sample preparation and the staining procedures were previously described (33).



Multicolor Flow Cytometry (MFC) Data Analysis

Data were interpreted with the Infinicyt, v2.0 software. All samples were analyzed for the proportion of NK cells relative to the total number of lymphocytes and for the NK subsets relative to the total number of NK cells. The reliability of our data is confirmed by the fact that no statistically significant differences between cell counts (NK cells, T cells or total lymphocytes) were identified among the three analyzed groups of patients NBM, MDS and AML (Supplementary Figures 1B–D).

The BM aspirates have been checked for the proportions of bright CD16 neutrophils according to previously reported data (34). Samples having >24% bright CD16 neutrophils have been excluded from the study to avoid including samples with significant hemodilution.

After the exclusion of doublets and debris, lymphocytes were gated using the side scatter (SSC) vs CD45 dot-plots. NK cells were gated according to CD56 expression and the absence of CD3 and CD19, NK cells being defined as CD3- CD19- CD56+ events. We then selected NK subpopulations based on the expression patterns combination of CD56, CD94, CD16, and CD57 markers, using the Automatic Population Separator (APS) diagrams: CD56bright CD94hi CD16− CD57− cells were classified as the immature subgroup; CD56dim CD94med CD16+ CD57− cells were classified as the mature subgroup; and CD56dim CD94low CD16+ CD57+ cells were classified as the hypermature subgroup (Figure 1). The expression patterns of the investigated NK receptors (CD158a, CD158b, CD158e1, CD159a) were evaluated for each NK cell subpopulation and for each group of cases (NBM, MDS, and AML). The fluorescence intensity of the various surface markers was evaluated using box-plots, and the number of events corresponding to each NK subgroup was exported for further statistical analysis. As the monoclonal antibodies targeting the NK receptors were conjugated with the same fluorochrome, the staining had to be performed in separate tubes. This set-up thus allowed the characterization of just one receptor at a time, and therefore it provided limited information with regard to the NK populations expressing two inhibitory receptors or more.




Figure 1 | Representative example for NK analysis strategy and classification into three subsets: CD56bright CD94hi CD16− CD57− as the immature subset (yellow dots); CD56dim CD94med CD16+ CD57− as the mature subset (green dots); and CD56dim CD94low CD16+ CD57+ as the hypermature subset (blue dots). (A) Lymphocytes gating on the side scatter (SSC) vs CD45 dot-plots. (B) NK cells were gated according to CD56 expression and the absence of CD3 and CD19. (C, D) Reliable separation of NK cells into subsets was obtained using the Principal Component Analysis (PCA) for all analyzed cases, regardless of the group. Dots and circles represent the median values of individual cases, and the solid line represents the 2 SD curve for an NK subset (yellow, CD56bright CD94hi CD16− CD57− represents the immature subset; green, CD56dim CD94med CD16+ CD57− represents the mature subset; and blue, CD56dim CD94low CD16+ CD57+ represents the hypermature subset). The table shows the contribution of the most relevant parameters (those markers that received a weight over 10) to the first (PC1, x-axis) or second (PC5, y-axis) principal component reflected as percent values. (E) Distribution of CD159a and KIR receptors inside of the different NK cell subpopulations for the presented case.





Statistical Analysis

Statistical analysis was performed using Graph Pad Prism 5™ (Graph Pad Software, San Diego, CA, USA) and SPSS, v20™ (IBM SPSS Software, Chicago, IL, USA). Figures were created with Graph Pad Prism 5™. Tables, bar graphs and scatter dot plots show means with standard errors (SEM). Box-and whisker plots include the median and interquartile range without outliers. The means of normally distributed variables were statistically analyzed using the unpaired t-test and one-way ANOVA with Post-hoc Tukey’s Multiple Comparison test. The non-Gaussian distributed data were analyzed for median differences using non-parametric tests: Mann-Whitney test (the non-parametric counterpart to the two-sample t-test), and Kruskal-Wallis with Dunn’s Multiple Comparison test (the non-parametric counterpart to one-way ANOVA). Paired t-test and Wilcoxon signed rank test were applied for investigating the significant differences in matched parameters. One-sample t-test and Wilcoxon signed rank test (with the hypothetical value of 1.00) were used for analyzing the individual ratios of various NK cell populations. Pearson’s and Spearman’s correlation coefficients were used to assess positive associations between measured variables (age, hemoglobin value, platelet count, white blood cell count, lymphocyte count, and NK cells). The P-value below 0.05 was considered significant, and R higher than 0.5 was considered a strong correlation factor.




Results


Multicolor Flow Cytometry Data Gating Based on Principal Component Analysis Provides the Reliable Separation of NK Cell Subsets

The manual processing of multicolor flow cytometry (MFC) data and cell population gating using two-dimensional dot-plots can present many limitations, such as increased time-consumption, high subjectivity, and the potential to remove relevant information (35). Therefore, new algorithms for MFC data gating have been developed, including Principal Component Analysis (PCA), which draws out the underlying variance within a dataset and it is a widely used tool for visualizing multidimensional data (31). APS uses the PCA method as a compression instrument to condense relevant biological cell marker information into fewer (mostly two) dimensions (35).

The APS facilitated the classification of NK events across these three subpopulations of NK cells, particularly those belonging to the CD56bright CD94hi CD16− CD57− subset, which is the least well represented out of the three, and could easily be under- or overestimated by a biased manual analysis. Moreover, as other research groups have also stressed, the unsupervised identification of NK subsets, based on the simultaneous evaluation of the CD16/CD56/CD57/CD94 set of markers, and automatic gating is more accurate than identification methods using only one or an insufficient number of markers combined with manual interpretation (36). The strategy used in this study facilitated the reliable separation of NK subpopulations in all 3 cases of investigated groups: NBM, MDS, and AML (Figure 1).



Similar Bone Marrow NK Cell Percentages in NBM, MDS and AML Conditions

The first goal was to ascertain variations in total NK cells and NK subpopulations across the different groups of cases. The mean ± standard error (SE) for the percentages of NK cells was 10.43% ± 1.34% for NBM, 13.05% ± 2.26% for MDS, and 14.23% ± 5.99% for AML samples.

Although no significant differences were observed in the NK percentages among our 3 investigated case groups (Supplementary Table 3, Supplementary Figure 2A), one particular FLT3-ITD mutated AML case presented the highest proportion of NK cells out of all examined populations (55% NK cells). Within the MDS group, we identified 3 patients with >30% NK cells, whereas only one healthy control presented such a high percentage of NK cells.



NK Cell Counts Correlate With T Cell Counts in NBM and MDS, but Not in AML

We further explored the potential correlation between the total NK cell counts and T or B lymphocyte counts in all three investigated conditions. A strong correlation emerged between NK and T cell counts in NBM (P = 0.0002) vs a moderate correlation in MDS (P = 0.0201), but no correlation could be noticed in AML (P = 0.9969) (Figures 2A–C). As for the correlation between NK and B cell counts, a strong one was revealed in NBM (P = 0.0009) but no correlations resulted in MDS (P = 0.4397) and AML (P = 0.5561) (Figures 2D–F).




Figure 2 | Regression statistics describing the relationship between bone marrow NK, T, and B cell counts for the three case groups: NBM, MDS, and AML. Correlation coefficients (R) were computed for (A) NK and T cell counts in NBM cases (n = 30); (B) NK and T cell counts in MDS (n = 25); (C) NK and T cell counts in AML (n = 8); (D) NK and B cell counts in NBM cases (n = 30); (E) NK and B cell counts in MDS (n = 25); (F) NK and B cell counts in AML (n = 8). Data are presented as scatter plots. Spearman test was used to analyze the significance of the identified correlations (***P < 0.001, *P < 0.05, ns, not significant).



As regarding the cell percentages, one would expect an inverse correlation between NK cells and lymphocytes. However, an inverse correlation between NK and T lymphocytes was only seen in the NBM (R = −0.74, P < 0.0001) and AML (R = −0.92, P = 0.0009) conditions, but not in MDS (R = −0.26, P = 0.2080) (Supplementary Figures 2D–F). This is likely due to the increase of the B cells at the expense of NK and T cells in a number of 5 MDS cases (if compared to the highest B cell percentage identified in NBM of 23%). However, no correlation between NK and B cell percentages were observed in any of the three groups (Supplementary Figures 2G–I).

Further evaluations of the potential relationships between the percentages of NK cells and other parameters necessary to calculate the Revised International Prognostic Scoring System (R-IPSS) score in MDS (hemoglobin, platelets, neutrophils, and cytogenetic risk values) did not yield any strong correlations (Supplementary Table 4). We also evaluated whether leukemic blasts exerted a direct or indirect influence on NK differentiation in a pathologically modified bone marrow environment. Our data revealed that no correlation could be established between the percentages of bone marrow blasts and the percentages of NK cells in MDS (R = −0.37, P = 0.06) and AML samples (R = −0.28, P = 0.49) (Supplementary Table 4).



Changes in Bone Marrow NK Subset Dynamics, From the Normal Setting Towards the MDS and AML Pathological Conditions

We further determined the distribution of different NK cell maturation subsets among the total NK population for each group.

A significantly increased percentage of the immature CD56bright CD94hi CD16− CD57− NK cells was observed in AML samples compared with NBM samples (P = 0.0447, Figure 3A). A similar increasing trend was also visible in MDS cases (P = 0.0780, Figure 3A). Although decreased percentages of the mature CD56dim CD94med CD16+ CD57− NK subpopulation were observed in the AML and MDS settings, only the MDS group was significantly different from the NBM control group (P = 0.0332, Figure 3B). No significant difference could be identified between the three groups when analyzing the hypermature CD56dim CD94low CD16+ CD57+ NK subpopulation (Figure 3C).




Figure 3 | Comparison of cell percentages of distinct NK maturation subsets within the bone marrow microenvironment of NBM, MDS, and AML cases. (A) Percentage of bone marrow CD56bright CD94hi CD16- CD57- immature NK cells in normal bone marrow (NBM, n = 30), myelodysplastic syndromes (MDS, n = 25), and acute myeloid leukemias (AML, n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-tailed unpaired t-test). (B) Percentage of bone marrow CD56dim CD94med CD16+ CD57- mature NK cells in NBM (n = 30), MDS (n = 24), and AML (n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-tailed unpaired t-test). (C) Percentage of bone marrow CD56dim CD94low CD16+ CD57+ hypermature NK cells in NBM (n = 30), MDS (n = 25), and AML (n = 8) cases. Bars represent the mean ± SEM (ns, not significant; one-way ANOVA followed by Tukey’s Multiple Comparison test).



Figure 3 reveals several significant differences that emerged when comparing the distributions of the NK subpopulations within the three groups. Furthermore, distinct patterns of maturation seem to characterize these subpopulations in the MDS and AML settings compared with those in the NBM. Statistical data showed that the NBM environment accommodated almost 7-fold more hypermature (P < 0.0001) and 10-fold more mature (P < 0.0001) than immature NK cells (Supplementary Table 5 and Figure 4A). Conversely, in MDS and AML samples, the percentages of the immature NK cells gradually increased at the expense of mature NK cells (Supplementary Table 5 and Figures 4B, C). Moreover, a marked heterogeneity in the ratios between hypermature and immature NK cell percentages was observed among AML cases, likely due to 3 outliers associated with the recurrent genetic mutations FLT3-ITD, IDH2, and NPM1, relative to the values for AML not otherwise specified (NOS). The AML case with the most prevalent mature NK population (69.12%) and the lowest immature NK population (1.53%) was NPM1-positive. Although NBM cases displayed a higher number of mature versus hypermature NK cells (P = 0.0086), this difference was flattened in MDS (P = 0.4502) and AML (P = 0.6066) conditions (Supplementary Table 5, Supplementary Figure 3).




Figure 4 | Ratio of cell percentages in distinct NK maturation subsets within the bone marrow microenvironment of NBM, MDS, and AML cases. (A) Ratio of cell percentages for the indicated NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in normal bone marrow (NBM, n = 30) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (****P < 0.0001, ns, not significant; Wilcoxon signed rank test). (B) Ratio of cell percentages for the indicated NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in myelodysplastic syndromes (MDS, n = 25) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (****P < 0.0001, ns, not significant; Wilcoxon signed rank test). (C) Ratio of cell percentages for the indicated NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in acute myeloid leukemia (AML, n = 8) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (*P < 0.05, ns, not significant; Wilcoxon signed rank test).





Significant Differences in NK Inhibitory Receptor Distribution Among the Immature, Mature, and Hypermature NK Cell Subsets Emerged in the MDS and AML Settings Compared With NBM Conditions

We further assessed the potential quantitative differences in the expression of NK receptors under MDS and AML pathological settings compared to NBM conditions.

In all three investigated groups (NBM, MDS, and AML), the percentage of NK cells expressing CD159a increased from the immature (CD56bright CD94hi CD16- CD57-) to mature (CD56dim CD94med CD16+ CD57-) NK state, but then dropped in the hypermature (CD56dim CD94low CD16+ CD57+) NK stage only in the NBM (mature and hypermature: P <0.0001, Supplementary Figure 4A) and MDS (mature and hypermature: P = 0.0138, Supplementary Figure 4B) cases (Supplementary Table 6 and Figures 5A–C). Under normal circumstances, the percentage of hypermature cells is lower than the mature one. However, when analyzing the individual AML cases, the percentage of hypermature CD159a–positive NK cells did not significantly decrease compared to the mature population (P = 0.1990, Supplementary Figure 4C), thus suggesting an actual increase in the number of hypermature NKG2A-expressing cells.




Figure 5 | Comparison of the mean percentages of NK subsets expressing CD159a and KIR receptors within the bone marrow microenvironment of NBM, MDS, and AML cases. (A–D) Left panel: CD56bright CD94hi CD16- CD57- immature NK subset; middle panel: CD56dim CD94med CD16+ CD57- mature NK subset; right panel: CD56dim CD94low CD16+ CD57+ hypermature NK subset; (A) Percentage of bone marrow CD159a-positive NK subsets in normal bone marrow (NBM, n = 30), myelodysplastic syndromes (MDS, n = 25), and acute myeloid leukemias (AML, n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-way ANOVA test followed by Tukey’s Multiple Comparison test; only for comparing immature NK subsets of NBM vs. MDS: Mann Whitney test). (B) Percentage of bone marrow CD158a-positive NK subsets in NBM (n = 30), MDS (n = 24), and AML (n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-tailed Mann Whitney and Kruskal-Wallis followed by Dunn’s Multiple Comparison tests for immature and mature NK subsets, one-way ANOVA followed by Tukey’s Multiple Comparison test for hypermature NK subsets). (C) Percentage of bone marrow CD158b-positive NK subsets in NBM (n = 30), MDS (n = 25), and AML (n = 8) cases. Bars represent the mean ± SEM (**P < 0.01, *P < 0.05, ns, not significant; Mann Whitney and Kruskal-Wallis followed by Dunn’s Multiple Comparison tests for immature and mature NK subsets, one-way ANOVA followed by Tukey’s Multiple Comparison test for hypermature NK subsets). (D) Percentage of bone marrow CD158e1-positive NK subsets in NBM (n = 30), MDS (n = 25), and AML (n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; Kruskal-Wallis followed by Dunn’s Multiple Comparison test).



In contrast, the percentages of NBM NK cells expressing the individual KIRs (CD158a, CD158b or CD158e1) were considerably augmented in the mature and hypermature states as compared to the barely detectable levels in the immature population (Supplementary Table S6 and Figures 5B–D).

When comparing the immature NK cell percentages measured in pathological conditions with those found in NBM, we could notice that the percentage of CD159a- or KIR-positive cells increased significantly in MDS (P = 0.0175), and in some cases of AML (Supplementary Figure 5A). While the maximum value for the CD159a-positive cells identified among the NBM cases was of only 16.54%, an extreme value of 40.24% was observed in one AML case characterized by NRAS deletion (Supplementary Figure 4C).

For the mature NK subset, we noticed a homogenous behavior among all investigated inhibitory molecules in the MDS cases, showing consistent lower percentages of NK cells expressing CD159a or KIRs (P = 0.0102), while the AML cases displayed a high heterogeneity, P = 0.8250 (Figures 5B–D, and Supplementary Figure 5B). The data regarding this significant reduction in the population of mature NK cells expressing inhibitory receptors in MDS are further supported by the individual ratio of mature to immature NK cells also showing a significant decrease compared to the corresponding normal ratio defined by the NBM cases (Figures 6A, B).




Figure 6 | Ratio of cell percentages in distinct CD159a-positive NK maturation subsets within the bone marrow microenvironment of NBM, MDS, and AML cases. (A) Ratio of cell percentages for the indicated CD159a-positive NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in normal bone marrow (NBM, n = 30) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (****P < 0.0001, *P < 0.05, ns, not significant; Wilcoxon signed rank test). (B) Ratio of cell percentages for the indicated NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in myelodysplastic syndromes (MDS, n = 25) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (****P < 0.0001, **P < 0.01, ns, not significant; Wilcoxon signed rank test). (C) Ratio of cell percentages for the indicated NK maturation subsets (mature to immature, hypermature to immature, and hypermature to mature) in acute myeloid leukemia (AML, n = 8) cases. Data are presented as scatter dot plots, and the lines represent the mean ± SEM (*P < 0.05, ns, not significant; Wilcoxon signed rank test).



For the hypermature NK subset, we noticed a tendency for some of the MDS and AML cases to be characterized by extreme numbers of NK cells expressing the inhibitory molecules. While the CD159a-positive hypermature NK cells in NBM did not surpass 29%, we identified 2 MDS cases (out of n = 25) with at least 36%, and other 2 AML cases (out of n = 8) of 36% and 49% molecularly characterized by NPM1, FLT3 or FLT3-ITD mutations, respectively (Supplementary Figure 4). The increase of the hypermature CD159a-positive NK population in some cases of AML is also supported by the increased ratio of hypermature to immature CD159a-positive NK cells if compared to the corresponding normal ratio defined by the NBM cases (Figures 6A, C). For CD158a-positive hypermature NK cells, the highest cell number (43.45%) was found in one AML case characterized by recurrent mutations in NPM1 and KRAS.

In parallel, we sought to determine whether differences could be detected in terms of cellular expression intensity for these inhibitory receptors in association with different subsets of NK cells or between different groups of cases.

The mean fluorescence intensity (MFI) analysis, presented in Figure 7A and Supplementary Figure 6 revealed that the mean expression levels of CD159a gradually decreased from the immature (CD56bright) towards the mature and hypermature (CD56dim) NK states, in accord to literature data (14). However, the mean expression of the investigated KIRs followed a distinct pattern if compared to CD159a (NKG2A): the MFI values increased from immature to mature NK cells, and persisted at similar levels on the hypermature cells (Figures 7B–D). The observed MFI pattern of KIRs, but not CD159a, mirrored the cell percentages data of normal bone marrow environmental conditions.




Figure 7 | Comparison of CD159a and KIR receptors mean fluorescence intensities (MFI) of different NK maturation subsets within the bone marrow microenvironment of NBM, MDS, and AML cases. (A–D) Left panel: CD56bright CD94hi CD16- CD57- immature NK subset; middle panel: CD56dim CD94med CD16+ CD57- mature NK subset; right panel: CD56dim CD94low CD16+ CD57+ hypermature NK subset; (A) CD159a MFI of different bone marrow NK maturation subsets in normal bone marrow (NBM, n = 30), myelodysplastic syndromes (MDS, n = 25), and acute myeloid leukemias (AML, n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-tailed unpaired t-test, and Mann Whitney test only for comparing the MFI means of mature NK subsets of NBM vs. MDS: Mann Whitney test). (B) CD158a MFI, (C) CD158b MFI, (D) CD158e1 MFI of different bone marrow NK maturation subsets in NBM (n = 30), MDS (n = 24), and AML (n = 8) cases. Bars represent the mean ± SEM (*P < 0.05, ns, not significant; one-way ANOVA followed by Tukey’s Multiple Comparison test).



When comparing the MFI data of pathological condition to NBM, we noticed a general significant increase of inhibitory molecules (except for CD158a) on MDS (P = 0.0192) and AML (P = 0.0205) immature NK cells (Figure 8A). The higher expression phenotype was further maintained in the mature and hypermature NK populations in AML, but not MDS (Figures 8B, C). However, among all inhibitory molecules, only CD159a consistently followed this general inhibitory behavior in AML (Figure 7A).




Figure 8 | Differences in the repartition of CD159a and KIR receptors in distinct NK maturation subsets within the bone marrow microenvironment of NBM, MDS, and AML cases. (A) Mean fluorescence intensity (MFI) of CD159a and KIR receptors on the surface of bone marrow CD56bright CD94hi CD16- CD57- immature NK cells in normal bone marrow (NBM, n = 30), myelodysplastic syndromes (MDS, n = 25), and acute myeloid leukemia (AML, n = 8) cases. Bars represent the mean ± SEM (*P < 0.05; two-way ANOVA followed by Bonferroni post-test). (B) Mean fluorescence intensity (MFI) of CD159a and KIR receptors on the surface of marrow CD56dim CD94med CD16+ CD57- mature NK cells in NBM (n = 30), MDS (n = 25), and AML (n = 8) cases. Bars represent the mean ± SEM (ns, not significant; two-way ANOVA followed by Bonferroni post-test). (C) Mean fluorescence intensity (MFI) of CD159a and KIR receptors on the surface of bone marrow CD56dim CD94low CD16+ CD57+ hypermature NK cells in NBM (n = 30), MDS (n = 25), and AML (n = 8) cases. Bars represent the mean ± SEM (*P < 0.05; two-way ANOVA followed by Bonferroni post-test).






Discussion

NK cells are effectors of utmost importance for the protection of an organism against malignantly transformed cells. They derive from common lymphoid progenitor cells and are now considered to belong to the innate lymphoid cells (ILCs), a group of cells that lack antigen receptors but parallel the major known T cell subsets. However, unlike T cells, ILC differentiation commences in the bone marrow environment, and many information accumulated in the recent years regarding the required transcriptional factors (many of which are also characteristic to the T cell lineage), specification and commitment stages, and cytokine input (3, 37, 38).

Surprisingly, most studies have examined peripheral blood NK cells, whereas very few have explored the bone marrow when considering AML. In one such study, Chretien et al. investigated the cryopreserved peripheral blood mononuclear cells and concluded that a correlation exists between NK cell maturation and the clinical outcomes of AML patients (27).

Our study targeted bone marrow NK cells in both normal settings and pathological conditions; therefore, the impacts of leukemic blasts and an altered microenvironment on the differentiation and maturation of NK cells should be accounted for in this study (27, 36, 39). Leukemic blasts display antigen-presenting cell-like features, modulating T cell differentiation and further impacting the activation and differentiation of many other immune cells (40–42).

Unlike previously reported data (43), we were unable to identify any correlations between the percentages of bone marrow blasts and NK cells in MDS and AML samples. This might be explained by the relatively small number of MDS and AML patients included in our study, and by the clinically and biologically heterogeneity of MDS cases as reflected by WHO criteria and the Revised International Prognostic Scoring System.

A strong correlation between the NK and T cell counts emerged in NBM and MDS, but not in the AML samples from our study. At first glance, this might be perceived as a more efficient response on behalf of the immune system in MDS than AML, meant to augment cytotoxic effectors. However, this association should be interpreted with caution, as an increase in the numbers of bone marrow T cells might not indicate an increase in T cytotoxic or T helper cells but could be associated with an increase in regulatory T cells (Tregs), as shown by others (40–42).

As the NK cell phenotype began to be characterized, CD16 and CD56 were found to be useful for distinguishing between various stages of maturation, which also translated into distinctive effector behaviors associated with changes in cytokine secretion, cytotoxic effects, and the ability to migrate (44, 45). New markers emerged, allowing for the more sophisticated characterization of various NK subpopulations. Based on the currently accepted panel of NK markers, which included CD16, CD56, CD57, and CD94, we were able to identify and quantify immature, mature, and hypermature NK cell subsets.

In recent years, the unsupervised, automatic discrimination of NK subsets has largely been used to reduce the strong heterogeneity observed in NK cell maturation profiles among patients. In our study, the APS, a PCA based analysis, facilitated the fast and reliable identification of three distinct profiles: the immature CD56bright CD94hi CD16− CD57− population, the mature CD56dim CD94med CD16+ CD57− population, and the hypermature CD56dim CD94low CD16+ CD57+population. Furthermore, similar to the results generated by the recently published FLOCK algorithm, developed for multidimensional cytometry data analysis (36), we observed a rather heterogeneous expression of the investigated inhibitory receptors. This should be perhaps interpreted in the wider context of NK cells expressing other inhibitory molecules as well (46), which were not analyzed in this study, such as LIR/ILT2, KIR2DL4, KIR2DL5, KIR3DL2, IRp60, and p75/AIRM1 (Siglec7).

Our data illustrated no significant differences in the total percentages of NK cells between our three groups; only the in-depth analysis of AML cases revealed a heterogeneous distribution, with extreme values, as represented by the cases with FLT3-ITD, NPM1, and IDH2 mutations. However, should NK cells be investigated as a unique population, this data might offer different and erroneous conclusions.

Our study further aimed to quantify and compare the NK subpopulations in fresh bone marrow samples derived from normal individuals, AML patients, and patients with the MDS pre-malignant condition, which has been considered to represent an intermediate stage towards AML. Our data showed that although the percentage of immature NK cells in the bone marrow was significantly increased in the AML group compared with the NBM group, no such evolution could be observed for mature and hypermature NK cells. These rather unexpected results might support the conclusions reached by Chretien et al., in which the malignant bone marrow microenvironment, heavily influenced by the presence of leukemic blasts, determines whether a maturation blockade occurs (27). Mamessier et al. suggested that the de-differentiation of the NK cells (47) may occur, which is reflected in the patients’ outcomes. Hence, we should stress that this approach, which addressed the NK maturation subsets, offers a much more accurate image of the interactions between the immune system and malignant cells.

We also examined the expression patterns of several inhibitory receptors. Because MDS is viewed as an intermediate stage, a consistent pattern of evolution, starting with NBM, going through MDS, and culminating with AML, was expected. However, our data demonstrated that no such pattern emerged, and the inhibitory receptors (NKG2A and KIRs) appeared to follow distinctive evolutionary pathways depending on the NK subgroup and their presence in a normal or pathological setting.

For instance, in the NBM population, CD159a is expressed by a maximum number of cells belonging to the mature stage, but the percentage falls dramatically during the hypermature stage. In contrast, although the percentage of immature NK cells expressing KIR is extremely low (less than 1% of total NK cells), it increases markedly in the mature and hypermature populations, with no significant differences between them (10% of total NK expressing CD158a/b and 5% being positive for CD158e1). CD159a-positive NK cells linearly increase among the immature population from NBM towards AML, while no statistically significant differences between the numbers of mature and hypermature effector NK cells expressing CD159a were observed between NBM and pathological conditions. However, AML cases showed increased heterogeneity of CD159a expression in the hypermature NK subset, with the highest values being attributed to cases with the FLT3-ITD and, respectively IDH2 mutations. The significant increase in the number of CD159a-positive cells observed among immature NK cells in AML samples if compared to NBM samples, suggests a rather early response which may drive the augmentation of the numbers of NK cells displaying inhibitory receptors. This hypothesis is further strengthened by the observed increase in the numbers of hypermature CD159a cells (increased ratio of hypermature to immature NK cells) in AML samples compared with NBM samples. Interestingly, the percentage of KIR-positive immature NK cells increases in both MDS and AML compared to NBM. A somewhat homogenous pattern can be distinguished for the mature subset as the percentages of NK cells expressing the investigated receptors significantly decrease in the MDS population and increase again in the AML population, generally surpassing the values recorded for the NBM population. In hypermature NKs, similar to CD159a, the percentages of KIR-positive NK cells tend to slightly increase in MDS and are more heterogenous in AML.

When analyzing the MFI data, the level of CD159a expression decreased gradually, as expected (14) from the immature (CD56bright) towards the hypermature (CD56dim) NK subset in all three groups of cases: NBM, MDS, and AML. It thus describes a distinct pattern if compared to NK cell percentages, as the percentages of NK cells expressing CD159a increase from immature to mature and fall back towards the hypermature state. However, for the immature NK subset, the CD159a MFI data follow a similar pattern with the cell percentages observations: significantly higher expression in AML than NBM. The higher CD159a expression is further maintained in the mature and hypermature subsets in AML. Instead, for KIR receptors, the MFI data correlate with cell percentages in NBM: surface expression increases from immature to mature NK cells, with no further change toward the hypermature stage. We might thus conclude that, as the percentage of CD159a positive NK cells tends to decrease in the normal bone marrow during the transition from the immature to the hypermature stage, the inhibitory effects seems to be compensated by an increase of distinct inhibitory KIRs.

This observation suggests distinct inhibitory pathways required for each NK maturation step: while the CD159a provides the strongest inhibitory effect in immature NK cells, the KIRs dominate the inhibitory pathway in the hypermature state, thus leaving the mature cells under the influence of both pathways. For MDS cases, CD159a has a higher expression only on the immature NK cells, but it decreases to normal levels as the NK cells mature. In contrast, most of AML cases only slowly lose the inhibitory effect of CD159a during the NK cells progress from the immature towards the hypermature state. As a result, the MFI of the mature NK subset is similar to the NBM immature NKs, and the MFI of hypermature NK subset is similar to the NBM mature NKs.

Interestingly, the two AML cases associated with the NPM1 genetic anomaly (deletion or recurrent mutations) presented a remarkable increase in the fraction of mature and hypermature NK cells in the detriment of immature cells, accompanied by the highest expressions of CD159a- and CD158a-positive hypermature NK cells. The two cases of AML associated with FLT3 genetic anomalies (deletion or mutation) phenocopied part of the NPM1-associated phenotype, presenting increased number of hypermature NK cells (if compared to the immature subset) with high expression of CD159a.

These data might suggest that variations in the number of NK cells expressing a particular KIR in normal bone marrow microenvironment conditions is accompanied by corresponding variations of receptor expression levels in the respective NK subpopulations. Additionally, the above-described pattern of immature NK cell percentages was similar to the MFI data of KIR receptors: increased expression in both MDS and AML compared to NBM. For the mature and hypermature NK subsets, a clearly higher expression of KIR (similar to CD159a) was observed in AML compared to NBM, providing further evidence for an immune response that is hindered from acting against malignant cells. Interestingly, for the MDS cases, the cellular expression of CD159a and KIRs on mature NK cells was similar to NBM, despite a significant reduction in the respective cell percentages. Thus, we might conclude that MDS does not appear to represent a smooth transitional stage towards malignancy, but rather a decisive step for the evolution of the immune response to cancer cells as it struggles to choose an efficient path.
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Background

Esophageal squamous cell carcinoma (ESCC) is one of the most common cancer types and represents a threat to global public health. N6-Methyladenosine (m6A) methylation plays a key role in the occurrence and development of many tumors, but there are still few studies investigating ESCC. This study attempts to construct a prognostic signature of ESCC based on m6A RNA methylation regulators and to explore the potential association of these regulators with the tumor immune microenvironment (TIME).



Methods

The transcriptome sequencing data and clinical information of 20 m6A RNA methylation regulators in 453 patients with ESCC (The Cancer Genome Atlas [TCGA] cohort, n = 95; Gene Expression Omnibus [GEO] cohort, n = 358) were obtained. The differing expression levels of m6A regulators between ESCC and normal tissue were evaluated. Based on the expression of these regulators, consensus clustering was performed to investigate different ESCC clusters. PD-L1 expression, immune score, immune cell infiltration and potential mechanisms among different clusters were examined. LASSO Cox regression analysis was utilized to obtain a prognostic signature based on m6A RNA methylation modulators. The relationship between the risk score based on the prognostic signature and the TIME of ESCC patients was studied in detail.



Results

Six m6A regulators (METTL3, WTAP, IGF2BP3, YTHDF1, HNRNPA2B1 and HNRNPC) were observed to be significantly highly expressed in ESCC tissues. Two molecular subtypes (clusters 1/2) were determined by consensus clustering of 20 m6A modulators. The expression level of PD-L1 in ESCC tissues increased significantly and was significantly negatively correlated with the expression levels of YTHDF2, METL14 and KIAA1429. The immune score, CD8 T cells, resting mast cells, and regulatory T cells (Tregs) in cluster 2 were significantly increased. Gene set enrichment analysis (GSEA) shows that this cluster involves multiple hallmark pathways. We constructed a five-gene prognostic signature based on m6A RNA methylation, and the risk score based on the prognostic signature was determined to be an independent prognostic indicator of ESCC. More importantly, the prognostic value of the prognostic signature was verified using another independent cohort. m6A regulators are related to TIME, and their copy-number alterations will dynamically affect the number of tumor-infiltrating immune cells.



Conclusion

Our study established a strong prognostic signature based on m6A RNA methylation regulators; this signature was able to accurately predict the prognosis of ESCC patients. The m6A methylation regulator may be a key mediator of PD-L1 expression and immune cell infiltration and may strongly affect the TIME of ESCC.
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Introduction

Esophageal cancer (EC) is a highly aggressive malignancy and is the eighth most common malignant tumor in the world; furthermore, the mortality rate of EC ranks sixth worldwide and is still rising (1–3). As with the National Central Cancer Registry of China (NCCR) statistics, Chinese EC patients compose up to 70% of all EC cases worldwide (4). Among the two main histopathological subtypes of EC, esophageal squamous cell carcinoma (ESCC) is more common than esophageal adenocarcinoma (5). Neoadjuvant chemotherapy or chemoradiotherapy have been utilized as the standard treatments for ESCC, improving the surgical effect (6). Although related immunotherapies involving esophageal cancer are still in the preliminary stages of research, some related immunosuppressants have entered clinical trials and have exhibited long-lasting antitumor activity and controllable adverse reactions. Studies have found that PD-L1 positive patients with advanced and metastatic esophageal cancer are very likely to be sensitive to immunotherapy (7). Abnormal levels of N6-methyladenosine (m6A) methylation also play vital roles in the progression of various cancers (8). Accurately predicting the prognosis of ESCC is the key to the success of clinical diagnosis and treatment and individualized medication. Therefore, the identification of novel and reliable prognostic molecular signatures from multiple dimensions is very important for selecting the most appropriate treatment strategy and improving the poor prognosis of ESCC patients.

Numerous studies in recent years have shown that N6-methyladenosine (m6A) methylation is a commonly seen modification in eukaryotic messenger RNA (mRNA) and strongly affects many basic biological processes, such as cell differentiation, tissue development and tumorigenesis (9–12). The level of m6A methylation is regulated by methyltransferases, demethylases, and binding proteins. m6A RNA modification can be catalysed enzymatically by various methyltransferases, known as m6A “writers” (METTL3, METTL14, METTL16, KIAA1429, WTAP, RBM15, RBM15B and ZC3H13). N6-methyladenosine in RNA can be removed by demethylases, known as m6A “erasers” (FTO and ALKBH5). Proteins that selectively bind m6A can be defined as m6A “readers” (YTHDC1, YTHDC2, IGF2BP2, IGF2BP3, YTHDF1, YTHDF2, YTHDF3, HNRNPA2B1, HNRNPC, and RBMX) that exert regulatory functions by selective recognition of methylated RNA (13). In addition, emerging evidence suggests that m6A modulators have cancer promoter or inhibitory effects in the development of various malignant tumors. Zhang et al. demonstrated the m6A modulator-mediated methylation modification pattern and the tumor microenvironment infiltration characteristics of gastric cancer (14–16). Han et al. (17) confirmed that m6A methylation can prolong the neoantigen-specific immunity mediated by YTHDF1. YTHDF1 may be a potential therapeutic target and an important mediator of tumor immune evasion. These findings suggest that both m6A methylation regulators and the tumor immune microenvironment (TIME) may affect the prognosis of cancer patients. The TIME may affect the patient’s response to immune checkpoint inhibitors, so PD-L1 expression in ESCC should be further considered to evaluate tumor immunity. However, to the best of our knowledge, there are few studies on the use of m6A methylation regulators to predict the prognosis of ESCC. In addition, the correlation between m6A methylation regulators and PD-L1, the expression of PD-L1 in ESCC, and the abundance of immune infiltrating cells need to be fully studied.

In this study, RNA sequencing data, clinical information and immune cell data of ESCC patients were obtained from The Cancer Genome Atlas (TCGA). According to the expression of m6A RNA methylation regulators, consensus cluster analysis was performed, and a gene signature and risk model were constructed to predict the prognosis of ESCC patients more accurately. Although there have been reports of consensus cluster analysis on patients with esophageal cancer (18), the study did not separate the subgroups of esophageal squamous cell carcinoma and further verification, and the number of m6A RNA methylation regulators included in the study was not large enough. To enhance the prediction performance of the m6A methylation-related gene signature, we verified it in another ESCC cohort in the Gene Expression Omnibus (GEO) database. In addition, we also studied the infiltration of immune cells in the TIME, the expression of PD-L1 in ESCC, and the correlation with m6A RNA methylation regulators.



Materials and Methods


Data Acquisition

Clinical information, including sex, T stage, N stage, M stage, TNM stage, survival information and RNA-seq expression profiles from ESCC (95 patients) cohorts of TCGA database (https://portal.gdc.cancer.gov), was used in this study. We also selected gene expression profiles of patient-derived ESCC tissue (GSE53625, GPL18109, n = 358) from the GEO database to validate the candidate prognostic gene signature identified from TCGA data. This data set contains gene sequencing information and clinical information of cancer tissues and adjacent normal tissues from 358 ESCC patients in China.



m6A RNA Methylation Regulator Collection

According to previously published research reports, we collected 20 m6A RNA methylation regulators (METTL3, METTL14, METTL16, KIAA1429, WTAP, RBM15, RBM15B, ZC3H13, YTHDC1, YTHDC2, IGF2BP2, IGF2BP3, YTHDF1, YTHDF2, YTHDF3, HNRNPA2B1, HNRNPC, RBMX, FTO and ALKBH5) for further research.



Bioinformatic Analysis

The Search Tool for the Retrieval of Interacting Genes/Proteins database (STRING, version 11.0, http://string-db.org/) has powerful functions in studying gene interactions and visualization (19). We entered 20 m6A RNA methylation regulators into STRING to understand their interactions and performed functional annotation analysis to initially explore the biological process (BP), cell composition (CC), molecular function (MF) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways involved in these regulators. Pearson correlation analysis was used to elucidate the correlation between different m6A RNA methylation regulators.

To functionally explore the biological properties of m6A regulators in ESCC, we used the “ConsensusClusterPlus” package (http://www.bioconductor.org/, 1000 iterations and resampling rate of 80%) to divide ESCC patients from the TCGA database into different groups. Gene set enrichment analysis (GSEA) was utilized to understand the biological processes involved in different subgroups. Hallmarks in GSEA were used to identify predefined gene sets; 5000 permutations were performed according to the gene set to determine p-values. A pathway with a p-value < 0.01 and a false discovery rate (FDR) < 0.25 was considered to be significant, as described in the Results section.

CIBERSORT (http://cibersort.stanford.edu/), a deconvolution algorithm based on gene expression, can calculate the composition of immune cells from the gene expression profile of complex tissues (20). We used CIBERSORT software to calculate the infiltration level of 22 immune cells based on the expression profile data of ESCC in the TCGA database. Subsequently, the ESTIMATE algorithm (“estimate” package in R) was used to calculate the immune score of each patient, and the difference in the immune score between the two cluster subgroups was evaluated (21).

The least absolute shrinkage and selection operator (LASSO) Cox regression model includes all m6A methylation regulators to construct a strong prognostic signature and calculate the coefficient of each gene. The coefficients obtained from the LASSO regression algorithm were used to yield the following risk score equation: risk score = sum of coefficients × m6A regulator expression level. According to the score, the gene signature with the strongest ability to predict the prognosis of ESCC patients was obtained. The ESCC patients were divided into high- and low-risk groups according to the median risk score, and the difference in overall survival (OS) between the risk score groups was evaluated. Through the receiver operating characteristic (ROC) curve and the area under the ROC curve (AUC value), the accuracy of the genetic signature for predicting prognosis was evaluated. Univariate and multivariate Cox regression analyses were used to identify independent prognostic factors for ESCC patients. Importantly, we verified this prognostic signature using a cohort of 358 ESCC samples from the GEO database.

Tumor Immune Estimation Resource (TIMER, https://cistrome.shinyapps.io/timer/) was used to analyze the six main immune cells in tumors to evaluate the effect of copy number alternations (CNAs) of m6A regulators on the level of immune cell infiltration.



Statistical Analysis

R (version 3.6.3; The R Foundation for Statistical Computing) and SPSS 23.0 (IBM Corp., New York, USA) were used for data analysis and statistics. m6A regulator expression and clinical data were analysed by χ2 test or Fisher’s exact test. Student’s t-test and one-way ANOVA were used to separately perform the group comparisons of two subgroups and more than two subgroups. Kaplan-Meier survival analysis and log-rank tests were used to analyse the differences in OS between different risk score groups. The correlation of gene expression was evaluated by Spearman’s R and statistical significance. An absolute value of R greater than 0.25 was considered relevant, and a p-value < 0.05 was considered to be significant.




Results


Expression of m6A RNA Methylation Regulators in ESCC

To understand the expression pattern of m6A RNA methylation regulators between ESCC tumors and normal tissues, we drew a heatmap based on 20 m6A methylation genes in the TCGA database. The red or green in the figure indicates relatively high or low expression, respectively (Figure 1A). The expression levels of writers (METTL3 and WTAP) and readers (i.e., IGF2BP3, YTHDF1, HNRNPA2B1 and HNRNPC) were notably higher in ESCC tissues than in normal adjacent tissues (Figure 1B) (P < 0.05). The abnormal expression of these m6A RNA methylation regulators may indicate an important biological role in the occurrence and development of ESCC.




Figure 1 | The expression levels of m6A RNA methylation regulators between tumor and normal samples in TCGA ESCC cohort. (A) Heatmap of m6A RNA methylation regulator expression level in each sample; (B) the expression difference of m6A RNA methylation regulator between tumor and normal samples. * means p<0.05; ** means p<0.01; **** means p<0.0001.





Correlation and Functional Enrichment Between m6A RNA Methylation Regulators

With the STRING database used to further understand the interaction between the 20 m6A RNA methylation regulators, a PPI network was obtained. After deleting the isolated genes without interaction, we determined that the PPI network contained 20 nodes and 112 edges, as shown in Figure 2A. KIAA1429 and METTL3 appeared to be the hub genes of the interaction network. As shown in Table 1, we performed Gene Ontology (GO) analysis on these 20 RNA methylation regulators to obtain a preliminary understanding of their biological functions. Regulation of mRNA metabolic process, N6-methyladenosine-containing RNA binding and RNA N6-methyladenosine methyltransferase complex were the most significantly enriched GO items. In addition, we observed that all m6A RNA methylation regulators were generally positively correlated, and KIAA1429 had the highest correlation with YTHDF3 (Figure 2B) (r = 0.74).




Figure 2 | Interaction and correlation between m6A RNA methylation regulators in ESCC. (A) A PPI network was constructed to evaluate the interaction between m6A RNA methylation regulators; (B) the correlations among m6A RNA methylation regulators were analyzed by Pearson correlation.




Table 1 | Functional annotation of 20 m6A methylation regulators.





Consensus Clustering Identified Two Clusters of Patients With ESCC

A consensus cluster consisting of 20 m6A RNA methylation regulators was constructed by using the “ConsensusClusterPlus” package. Figures 3A, B show the relative change of the cumulative distribution function (CDF) of the consensus cluster from k = 2 to 9 and the area under the CDF curve from k = 2 to 9, and k = 2 is proven to be the most suitable choice to divide the ESCC patient cohort into two clusters (Figure 3C). The tracking plot for k = 2 to k = 10 is demonstrated in Figure 3D. In addition, we studied the relationship between clustering subgroups and clinicopathological parameters of ESCC patients. The results showed that there was no significance between cluster 1 and cluster 2 and patient age, sex, T stage, N stage, M stage, or TNM stage (Figure 3E).




Figure 3 | Consensus clustering identified two ESCC patient clusters and their relationship with clinicopathological parameters. (A) Consensus clustering cumulative distribution function (CDF) for k=2 to 9; (B) relative change in area under CDF curve for k=2 to 9; (C) The ESCC cohort from TCGA was divided into two distinct clusters when k=2; (D) distribution of each sample when k ranges from 2 to 9; (E) comparison of the relationship between the clinicopathological characteristics of two clusters.





Association of PD-L1 With m6A RNA Methylation

We assessed the difference in PD-L1 expression between tumor and normal tissues in ESCC patients. Compared with normal adjacent tissues, the expression of PD-L1 in ESCC tissues was significantly increased (Figure 4A) (P < 0.001). In the cluster subtypes of cluster 1 and cluster 2 that we constructed, the expression difference of PD-L1 was not significant (Figure 4B). In addition, the expression of PD-L1 in ESCC patients was significantly negatively correlated with the expression levels of YTHDF2, METL14 and KIAA1429 (Figure 4C). The ratio of 22 immune cell types between the two subgroups was analysed (Figure 5).




Figure 4 | Association of PD-L1 with m6A RNA methylation and the landscape of immune cell infiltration in ESCC. (A) PD-L1 expression was significantly higher in ESCC cohort from TCGA; (B) the expression level of PD-L1 in cluster1/2 subtypes; (C) the correlation of PD-L1 with m6A methylation regulators in ESCC cohort from TCGA.  **** means p<0.0001.






Figure 5 | The infiltrating levels of 22 immune cell types in cluster1/2 in ESCC. * means p<0.05; ** means p<0.01.





Immune Cell Infiltration in Consensus Cluster Subgroups of Esophageal Squamous Cell Carcinoma

Subsequently, we evaluated the immune scores of the ESCC immune microenvironment based on the ESTIMATE algorithm and found that the immune scores of the two m6A RNA methylation-related clusters were significantly different (Figure 6A). Our research shows that cluster 2 exhibits high levels of CD8 T cells, resting mast cells and regulatory T cell (Treg) infiltration (Figures 6B–D) (P < 0.05). To explore the underlying regulatory mechanism that led to the TIME difference between the two subgroups, we performed GSEA. The results showed that the first 5 hallmark pathways that were significantly enriched in cluster 1 included bile acid metabolism, fatty acid metabolism, myogenesis, oxidative phosphorylation, and reactive oxygen species pathway, while the hallmark pathways involved in cluster 2 included E2F targets, the epithelial-mesenchymal transition, the G2/M checkpoint, the mitotic spindle and TNFA signalling via NFKB (Figures 6E, F).




Figure 6 | Differences in the level of immune cell infiltration between the two clusters in ESCC cohort and the biological pathways involved. (A) immune score in the cluster 1/2 subtypes; (B–D) the infiltrating levels of the CD8 T cells (B), resting mast cells (C), and regulatory T cell (D) in two clusters; (E, F) GSEA shows the first 5 signaling pathways involved in cluster 1 (E) and cluster 2 (F). * means p<0.05; ** means p<0.01.





Construction of Prognostic Signatures Based on m6A RNA Methylation Genes

To explore the prognostic value of these 20 m6A RNA methylation regulators in ESCC, we performed univariate Cox regression. The results demonstrated that METTL16 (P = 0.005), KIAA1429 (P = 0.002), RBM15 (P = 0.006), IGF2BP3 (P = 0.02), YTHDF1 (P = 0.041), YTHDF3 (P = 0.005) and ALKBH (P = 0.043) were significantly correlated with OS (Figure 7A). The hazard ratio (HR) of these genes with prognostic value was less than 1. Subsequently, the LASSO algorithm was used to obtain the coefficient of each prognostic gene (Figures 7B, C). According to the minimum standard, 5 m6A regulators (HNRNPC, RBM15, IGF2BP3, METTL16 and KIAA1429) were selected to construct a prognostic signature, and the risk score of each ESCC patient was calculated. The formula was as follows: risk score = (0.0933 * HNRNPC expression) − (0.2370 * RBM15 expression) − (0.2949 * IGF2BP3 expression) − (0.5176 * METTL16 expression) − (0.6240 * KIAA1429 expression). According to the median risk score, ESCC patients were divided into low-risk and high-risk groups.




Figure 7 | Construction of the prognostic signature based on TCGA ESCC cohort. (A) Univariate analysis of 20 m6A RNA methylation regulators to identify the genes that significantly correlated with OS; (B, C) The prognostic signature constructed by the minimum criterion of LASSO Cox regression algorithm; (D) The Kaplan-Meier curve shows that the risk score based on the prognostic signature of m6A RNA methylation is significantly correlated with OS in ESCC patients; (E) time-dependent ROC curves was applied to assess the predictive efficiency of the signature in TCGA.





Risk Score Based on the Prognostic Signature Is an Independent Prognostic Factor in the ESCC Cohort of TCGA and GEO

To verify the prognostic value of risk grouping in ESCC patients, Kaplan-Meier survival analysis was performed. The results showed that the OS of patients in the high-risk group was significantly lower than that in the low-risk group (Figure 7D) (P < 0.0001). Subsequently, ROC curves were drawn to evaluate the specificity and sensitivity of the prognostic signatures associated with m6A RNA methylation regulators. The results showed that the areas under the curve (AUCs) at 1, 3 and 5 years were 0.73, 0.73 and 0.78, respectively, indicating good prediction performance (Figure 7E). Importantly, we used the GSE53625 dataset from the GEO database to verify the prognostic value of the prognostic signature in ESCC. The results also showed that the high-risk score group was significantly related to worse prognosis in patients (Figure 8A). The 1-, 3-, and 4-year area under the curve (AUC) values of the ROC curve were 0.6, 0.6, and 0.69, respectively, exhibiting a good distinguishing performance for ESCC patients (Figure 8B).




Figure 8 | Verification of the prognostic value of m6A methylation regulator-related signatures in the GEO database. (A) The high risk score of the signature in the GEO database indicates poor OS; (B) time-dependent ROC curve in the GEO database confirms the predictive efficiency of the prognostic signature.



Moreover, we performed univariate and multivariate Cox regression analyses in the two cohorts of TCGA and GEO to determine whether the risk score based on prognostic markers is an independent prognostic indicator for ESCC patients. In the TCGA cohort, after univariate analysis obtained factors related to OS in ESCC patients, multivariate Cox regression analysis showed that risk score (P<0.001, HR = 6.665), N stage (P = 0.018, HR = 2.123), TNM stage (P = 0.035, HR = 1.797), and sex (P = 0.029, HR = 9.628) were identified as independent prognostic factors (Figure 9A). The risk scores, OS and OS status distributions of 95 ESCC patients from the TCGA database are shown in Figure 9C. The prognostic value of the risk score calculated with the prognostic signatures of 5 m6A RNA methylation modulators was verified in 358 ESCC patients from the GEO database. The univariate analysis showed that the risk score (P < 0.001, HR = 2.718), N stage (P < 0.001, HR = 1.438) and TNM stage (P < 0.001, HR = 1.994) were significantly correlated with OS, and subsequent multivariate Cox regression analysis demonstrated that the risk score (P < 0.001, HR = 2.769) and TNM stage (P = 0.021, HR = 2.013) were independent prognostic factors for ESCC patients (Figure 9B). The risk scores, OS and OS status distributions of ESCC patients verified in the GEO database are shown in Figure 9D.




Figure 9 | Evaluation of prognostic values of the risk scores. Univariate and multivariate Cox regression analysis of the risk scores in TCGA. (A) and GEO (B) database. The distributions of risk scores and OS status in TCGA (C) and GEO (D) database.





Prognostic Risk Scores Correlated With Stage, Immune Score, and Clinicopathological Parameters in ESCC

The relationship between risk score and clinical characteristics and cluster subgroups was further evaluated. It can be seen from the heatmap that the high immune score generally corresponds to the high expression of the 5 regulators. HNRNPC and IGF2BP3 are highly expressed in cluster 1. There were significant differences between the high-risk group and the low-risk group in clustering subtypes (P <0.001) and age (P <0.05) of ESCC (Figure 10A). We also further examined the relationship between risk score and subtype, immune score and TNM staging. The results show that the risk score of cluster 2 is significantly higher than that of cluster 1 (P <0.001, Figure 10B). Although the high and low immune scores and risk scores are not significant, it can be seen that the median risk score of the high immune score group is higher than that of the low immune score group (Figure 10C). In addition, TNM staging and risk score were not found to have significant statistical significance (Figure 10D). These findings indicate that the risk score of ESCC patients may profoundly influence clinical outcomes.




Figure 10 | Prognostic risk scores correlated with stage, immune score, and clinicopathological parameters in ESCC. (A) Heatmap and clinicopathologic parameters of high and low risk groups; The relationship between risk score and cluster 1/2 (B), immune score (C) and TNM staging (D).





Effect of Genetic Alterations of the m6A Regulator Signatures on Immune Cell Infiltration

The relationship between the risk scores of nine immune cell types and the level of infiltration was analyzed to evaluate the impact of five m6A regulator-based signatures on the ESCC immune microenvironment. Perhaps due to the limitation of sample size, we only found a significant negative correlation between the risk score and the infiltration level of macrophages (P =0.039) and neutrophils (P =0.019, Figure 11). Risk signatures based on m6A regulators are likely to have a potential role in regulating the immune microenvironment of ESCC.




Figure 11 | Relationships between the risk score and infiltration abundances of nine immune cell types. (A) B cell; (B) CD4+ T cell; (C) activated memory CD4+ T cell; (D) CD8+ T cell; (E) follicular helper T cell; (F) macrophage; (G) myeloid dendritic cell; (H) neutrophil; (I) regulatory T cell.



In order to preliminarily clarify the potential mechanism of risk score and different immune cell infiltration, the influence of somatic cell CNAs based on m6A regulator on immune cell infiltration was further analyzed. The identified CNAs of m6A regulator signatures, including arm-level deletion, high amplication, and arm-level gain, significantly affected the infiltration level of B cells, CD4 + T cells, CD8 + T cells, neutrophils and dendritic cells in ESCC (Figure 12). This series of studies further show that m6A methylation regulators have a key regulatory effect on TIME in ESCC patients.




Figure 12 | Effect of the genetic alterations of m6A regulator-relevant signature on the immune cell infiltration. (A) RBM15; (B) KIAA1429; (C) HNRNPC; (D) IGF2BP3. * means p<0.05; ** means p<0.01; *** means p<0.001.






Discussion

ESCC is a highly malignant tumor. Surgery combined with radiotherapy, chemotherapy, and targeted therapy are currently the main treatments for ESCC. However, due to the high rate of recurrence and metastasis, the survival results for this cancer are far from satisfactory (22–24). Although related immunotherapies involving esophageal cancer are still in the preliminary research stage, some related inhibitors have entered clinical trials and have shown long-lasting antitumor activity and controllable adverse reactions, which indicates that the immune microenvironment of ESCC warrants further exploration (7). At the same time, m6A methylation, which is the most common form of mRNA modification, has been proven to promote or suppress cancer in many tumor types (25), but there are very few related studies in ESCC. Therefore, it is necessary to further explore the role played by m6A methylation in ESCC and the infiltration of the ESCC TIME. In addition, the effect of m6A methylation on the ESCC TIME has not been fully elucidated.

In this study, the expression patterns, prognostic values and effects on the TIME of m6A RNA methylation regulators in ESCC were explored. The expression levels of m6A “writers” (METTL3 and WTAP) and “readers” (i.e., IGF2BP3, YTHDF1, HNRNPA2B1 and HNRNPC) in ESCC were significantly higher than those in normal tissues, and elevated expression levels of 2 genes (METTL3 and IGF2BP3) have been reported to be an independent prognostic factor for ESCC patients (26, 27); other genes have not been studied. In STRING, a protein-protein interaction (PPI) network composed of 20 m6A RNA methylation regulators was generated, and the biological functions involved in the regulators were preliminarily analysed through GO functional annotation. In addition, KIAA1429 and YTHDF3, which have the highest correlation coefficients, have not been reported in tumors, and they are likely to play important roles in the occurrence and development of ESCC.

Next, two molecular subtypes (clusters 1/2) were determined by consensus clustering of 20 m6A methylation regulators. Perhaps due to insufficient sample size, there was no significant difference between cluster 1/2 subtypes and clinicopathological parameters of ESCC patients. We also determined that the expression of PD-L1 in ESCC tumor tissues was significantly higher than that in normal tissues. This phenomenon is not obvious in the cluster 1/2 subtype. In addition, it has been observed that PD-L1 is significantly negatively correlated with YTHDF2, METL14, and KIAA1429. These regulators are likely to predict the efficacy of immunotherapy in ESCC patients, which requires further research. We also studied the immune cell infiltration of the TIME in the cluster 1/2 subtype based on m6A regulators in ESCC patients. The results showed that the infiltration level of CD8 T cells, resting mast cells and regulatory T cells (Tregs) in cluster 2 was higher than that in cluster 1. Studies have shown that high mast cell density is related to the progression of ESCC and reduced postoperative survival. The high concentration of Tregs in ESCC can lead to immune escape and promote tumor progression (28, 29). The immune score calculated based on the ESTIMATE algorithm is also significantly higher in cluster 2, which indicates a significant difference in the TIME of ESCC patients. GSEA of cluster 1 was performed to explore the biological processes involved, and the results showed that it involved multiple carcinogenic pathways of digestive tract tumors (30–33). Similarly, we determined the signaling pathway involved in the regulator in cluster 2, and the relationship between it and the level of immune cell infiltration in the tumor microenvironment warrants further exploration.

Furthermore, we also constructed a five-gene prognostic signature consisting of HNRNPC, RBM15, IGF2BP3, METTL16, and KIAA14297 from m6A methylation regulators, and the calculated risk score showed good performance in predicting the prognostic outcome of ESCC patients. In addition to the risk score, N stage, TNM stage and sex were also independent prognostic factors. Importantly, the potential of m6A methylation modulator-related prognostic signatures was verified in another ESCC cohort from the GEO database. The GSE53625 verification cohort of 358 patients also shows the strong prognostic potential of this signature. A high risk score is significantly related to poor OS in ESCC patients and is an independent prognostic factor for ESCC patients. Among these risk markers, HNRNPC can interact with LBX2-AS1 and enhance the stability of ZEB1 and ZEB2 mRNA, thereby promoting the migration and development of ESCC (34). Another study showed that the high expression of HNRNPC is significantly related to the poor OS of patients with lung adenocarcinoma, and it is likely to be an oncogene in patients with lung adenocarcinoma and breast cancer (35, 36). IGF2BP3 is highly expressed in many tumors, including ESCC, lung adenocarcinoma, colon cancer, and gastric cancer, and leads to poor prognosis (26, 37–39). There is no research report on KIAA1429 in ESCC, but some scholars pointed out that KIAA1429 can promote the progression of liver cancer, breast cancer and osteosarcoma, leading to poor prognosis (40–42). For RBM15 and METL16, there are currently few reports in tumors, but they may be potential prognostic biomarkers.

At present, the effect of m6A methylation regulators on immune cell infiltration in TIME is still unclear. In this study, the risk score based on the prognostic signatures of five m6A regulators was significantly negatively correlated with the infiltration level of macrophages and neutrophils. High immune scores often correspond to high expression of HNRNPC and IGF2BP3. Studies have shown that HNRNPC and HNRNPK in the subfamily of heterogeneous ribonucleoproteins (hnRNPs) can regulate the recruitment and activation of neutrophils and macrophages respectively, thereby affecting the systemic immune response (43, 44). The research on the other three risk signatures and immune cell infiltration remains unclear. For other m6A regulators, Han et al. showed that in mouse tumors lacking YTHDF1, the level of CD8 + T and NK cell infiltration increased, thereby enhancing the cross-expression of tumor antigens in vivo and the cross-priming of CD8 + T cells (17). Li et al. reported that the loss of METT3 or METT14 triggers the disorder of T cell proliferation and differentiation, thereby reducing the sensitivity of interleukin 7 (IL-7) in vivo (45). Our study also showed that CNAs of m6A methylation regulators, including arm level deletion, high amplication and arm level gain, significantly affect the level of immune cell infiltration in ESCC. The m6A methylation regulator is likely to have a crucial regulatory effect on TIME in ESCC patients.

This study has several limitations. First, the results may be affected by the small sample size. It is necessary to further improve the sample size, sequencing data and clinical information of ESCC patients in future research. In addition, our conclusions are based on the results of bioinformatic analysis of datasets containing genetic and other molecular information from patient tissues, which need to be further verified in clinical studies.

In summary, this study systematically evaluated the expression of m6A RNA regulators in ESCC, their correlation with PD-L1, and potential regulatory mechanisms. Two ESCC subtypes (clusters 1/2) were obtained through consensus clustering of m6A regulators, and the difference in the level of immune cell infiltration in the TIME was determined. m6A RNA regulators may improve the responsiveness of ESCC patients to immunotherapy by regulating the TIME and expression of PD-L1. More importantly, we constructed a prognostic signature containing 5 genes based on m6A RNA methylation, and the risk score was determined to be an independent prognostic factor in two different ESCC cohorts, indicating that the prognostic signature is a promising tool for predicting the survival outcome of ESCC patients.
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Despite the promising impact of cancer immunotherapy targeting CTLA4 and PD1/PDL1, numerous cancer patients fail to respond. LAG3 (Lymphocyte Activating 3), also named CD233, serves as an alternative inhibitory receptor to be targeted in the clinic. The impacts of LAG3 on immune cell populations and coregulation of immune responses in breast cancer remain largely unknown. To characterize the role of LAG3 in breast cancer, we investigated transcriptome data and associated clinical information derived from 2,994 breast cancer patients. We estimated the landscape of the relationship between LAG3 and 10 types of cell populations of breast cancer. We investigated the correlation pattern between LAG3 and immune modulators in pancancer, particularly the synergistic role of LAG3 with other immune checkpoint members in breast cancer. LAG3 expression was closely related to the malignancy of breast cancer and may serve as a potential biomarker. LAG3 may play an important role in regulating the tumor immune microenvironment of T cells and other immune cells. More important, LAG3 may synergize with CTLA4, PD1/PDL1, and other immune checkpoints, thereby contributing more evidence to improve combination cancer immunotherapy by simultaneously targeting LAG3, PD1/PDL1, and CTLA4.
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Introduction

Breast cancer is the most common malignancy and the leading cause of death of women worldwide (1). Despite significant progress in comprehensive therapy, such as breast conservation surgery/radical mastectomy, neoadjuvant/adjuvant chemotherapy, adjuvant radiotherapy, targeted therapy, endocrine therapy, and emerging immunotherapy, approximately 46 million women die from breast cancer each year (2). Patients who suffer from recurrence and metastasis of breast cancer have a relatively short median survival time due to the aggressiveness of tumors, the low response rate to immunotherapy, and resistance to treatment (2).

In the past decade, many studies focused on the immunotherapy of various cancers, which show the benefits from inhibiting the interaction between programmed death-1 (PD-1) and its ligand-1 (PD-L1) to inhibit the suppression of T cell immune responses (3). Meanwhile, several clinical trials of PD-1/PD-L1 targeting breast cancer were initiated (4). However, given that the objective response rates range between 13 and 56% and complete response rates range between 1 and 16%, the success of such emerging therapy is limited, particularly for breast cancer (5–11). Therefore, the efficacy and mechanism of immunotherapy is not fully understood, and more research is needed.

Numerous studies discovered several negative costimulatory molecules such as the programmed death 1 (PD-1)/programmed death ligand 1 (PD-L1) axis, lymphocyte activation gene-3 (LAG3), cytotoxic T lymphocyte associated antigen-4 (CTLA4), T-cell immunoglobulin and mucin domain protein 3 (TIM3), which participate to inhibit T cells and enable different tumor cells to singly or jointly escape (3, 12–14).

Overexpression of inhibitory receptors (IRs) is significant to balance costimulatory receptor activity and to limit T-cell activation, thus helping to prevent autoimmunity, autoinflammation, and tissue damage. Despite the impressive impact of CTLA4 and PD1-PDL1-targeted cancer immunotherapy, LAG3 (also named CD223), serving as a cancer immunotherapy target, is the third IR to be targeted in the clinic due to its negative regulatory role for T cells and its capacity, combined with PD1, to mediate a state of exhaustion (15), consequently attracting considerable interest and scrutiny (12). LAG3 belongs to the Ig superfamily and contains four extracellular Ig-like domains. LAG3 is highly expressed by activated human T and NK cells, as well as by tumor infiltrating lymphocytes (TILs), in various tumors. Previous studies show that as an inhibitory receptor on antigen activated T-cells, LAG3 delivers T cell inhibitory signals upon binding to ligands such as FGL1 (by similarity) (16–18).

LAG3 was suggested to be spatially associated with the T-cell receptor (TCR), particularly with CD3-TCR, in the immunological synapse and to directly inhibit T-cell activation (by similarity) (12). Furthermore, LAG3 negatively regulates the activation, proliferation, homeostasis, and effector function of CD4(+) and CD8(+) T cells. Moreover, immune tolerance is mediated by LAG3, which is constitutively expressed by a subset of regulatory T-cells (Tregs), consequently contributes to their suppressive function (by similarity) (16–18). LAG3 is involved as well in inhibiting antigen-specific T-cell activation in synergy with PDCD1/PD-1, which possibly acts as a coreceptor for PDCD1/PD-1 (by similarity) and in influencing the therapeutic effect of blocking one of them (12). LAG3 acts as a negative regulator of plasmacytoid dendritic cell (pDCs) activation (by similarity) with the potential to bind MHC class II (MHC-II), although the precise role of MHC-II-binding is unclear (12).

Previous studies show that LAG3 suppresses T cell activation and antitumor responses in vitro (19–21). However, they do not show the specific expression pattern of LAG3 and its potential impact on other immune cell populations and immune modulators. In the present study, we systematically investigated the LAG3-related transcriptome profile to reveal its potential role in inducing immune responses and inflammatory activities, as well as its potential relationship with immune modulators. This study is the first integrative analysis, to our knowledge, to molecularly and clinically characterize the landscape of LAG3 expression in breast cancer.



Materials and Methods


Data Collection

TCGA dataset was downloaded through GDCRNATools (access date: Feb 01, 2020) (22). Raw counts data were normalized through TMM implemented in edgeR (23) and were then transformed by voom in limma (24); and only genes with cpm > 1 in more than half of samples were kept. Selected TCGA breast cancer clinical data were kindly provided by Dr. Hai Hu and Dr. Jianfang Liu of the Chan Soon-Shiong Institute of Molecular Medicine at Windber. HER2 status was determined using DNA copy numbers for cases without IHC or FISH status. Standardized survival data were retrieved from TCGA Pan-Cancer Clinical Data Resource (TCGA-CDR) (25). The METABRIC dataset (26) containing 1,904 cases was retrieved from the cBioPortal database (access date: Feb 01, 2019).



Bioinformatics Analysis

The biological functions of the genes correlated with LAG3 were analyzed using the clusterProfiler package (27). GO terms and KEGG pathways with adjusted P values <0.05 were considered significant. Immunologically related genes were collected from the Immunology Database and Analysis Portal (ImmPort) (28). The absolute abundances of eight immune and two stromal cell populations were determined using Microenvironment Cell Populations-counter method (29). Gene set variation analysis (GSVA) analysis (30) was performed to estimate the abundance of GO gene sets related to specific immune functions and inflammatory metagenes (31). Correlations between LAG3 and immune modulators in pancancer were analyzed using the TISIDB database (32), an integrated repository portal for tumor-immune system interactions. Spearman correlation analyses were performed to evaluate the correlations between LAG3 and metagenes and specific immune functions.



Statistical Analysis

Correlations between continuous variables were assessed using Spearman correlation analyses. Differences in variables between groups were evaluated through the Student t test, one-way ANOVA, or the Pearson’s chi-squared test. All statistical tests were performed using R (version 3.6.0; https://www.r-project.org/). Other statistical calculations and graphical representations were performed using ggplot2 (33), pheatmap, pROC (34), circlize (35), and corrgram (36). P < 0.05 was considered significant. All statistical tests were two-sided.




Results


Associations of LAG3 Expression With Clinical and Molecular Characteristics of Breast Cancer

To characterize the association between LAG3 expression and clinical characteristics of breast cancer patients, we dichotomized patients into low- and high-expression groups according to the median cut-off value of LAG3 expression. Associations of LAG3 expression and clinical characteristics in TCGA (n = 1,090) and METABRIC cohorts (n = 1,904) are listed in Tables 1, 2. LAG3 was associated with AJCC stage, ER, PR, and HER2 status in both datasets, and was associated with T stage in TGCA data, as well as age, tumor size, and tumor grade in the METABRIC cohort. We further explored the expression patterns of LAG3 associated with molecular and clinical characteristics.


Table 1 | Association Between LAG3 mRNA Expression and Clinicopathologic Characteristics in TCGA Cohort.




Table 2 | Association Between LAG3 mRNA Expression and Clinicopathologic Characteristics in METABRIC Cohort.



We found that LAG3 was upregulated in breast cancer tissues compared with normal tissues in TCGA data (Figure 1K). We found that LAG3 expression was upregulated in the ER-negative and PR-negative groups in the TCGA and METABRIC databases (Figures 1A–D) as well as in the HER2-negative group of the METABRIC database, but this was not observed using TCGA data (Figures 1E, F). LAG3 was overexpressed in higher tumor stages compared with stage I, although not significant in stage IV (Figures 1G, H). We found that LAG3 was enriched in the basal, HER2-positive, and luminal A (LumA) subtypes, but not in the luminal B (LumB) subtype. These results were mutually validated using TCGA and METABRIC data.




Figure 1 | LAG3 expression classified by ER status in TCGA (A) and METABRIC (B), by PR status in TCGA (C) and METABRIC (D), by HER2 status in TCGA (E) and METABRIC (F), by AJCC stage in TCGA (G) and METABRIC (H), by PAM50 subtype in TCGA (I) and Claudin subtype in METABRIC (J), by tumor diagnosis in TCGA (K) and by grade in METABRIC (L). (*P < 0.05, **P < 0.01, ***P < 0.001, ***P < 0.0001).



Furthermore, we found higher expression of LAG3 in association with higher tumor grades (Figure 1L). These results were further validated using independent microarray datasets derived from the GOBO database (n = 1,881) (37); and correlation analysis revealed that LAG3 expression strongly correlated with immune response gene modules, which suggests that they play important roles in immune-related functions (Figures 2A–F). In summary, these findings indicate that high expression of LAG3 predicted highly malignant breast cancer.




Figure 2 | LAG3 expression in 1,881-sample dataset. LAG3 expression across different subtypes and tumor stage (A–D); Correlation of LAG3 and gene modules (E, F).





LAG3 Is a Potential Biomarker for the TNBC Subtype

To further explore the association of LAG3 expression and the malignancy of breast cancer, we compared the expression of LAG3 between the TNBC and None-TNBC groups. We found that LAG3 was significantly upregulated in the TNBC group of the TCGA (n = 1,090) and METABRIC (n = 1,904) databases (Figures S1A, B). To further validate these findings, ROC curve analyses of LAG3 expression and the TNBC subtype of all breast cancers were performed. Our results, indicated by the area under the curve (AUC), were up to 0.707 and 0.726 in TCGA and METABRIC datasets, respectively (Figures S1C, D). These findings suggest that LAG3 plays a pivotal role in the progression of breast cancer. Moreover, LAG3 may serve as a potential biomarker for TNBC.



LAG3 Is Closely Related to Immune Functions in Breast Cancer

To further explore the biological functions of LAG3 in breast cancer, we screened 746 and 582 genes that strongly correlated with LAG3 according to Spearman correlation analyses (|R| > 0.4 and P < 0.05) of the TCGA and METABRIC datasets, respectively. Subsequently, GO and KEGG functional enrichment analyses were performed to understand the biological roles of LAG3. Consistent with the aforementioned results derived from a 1,881-sample microarray dataset, GO analyses revealed that genes correlated with LAG3 were mainly enriched in biological processes related to immune response and inflammatory activities, particularly in the regulation of T cells, leukocytes, and lymphocytes; and these results were mutually validated using the TCGA and METABRIC datasets (Figures 3A, B). Furthermore, KEGG analysis revealed that LAG3-related genes were enriched in pathways related to T cells, PD-L1 expression, and PD-1 checkpoint pathways in cancer, natural killer cell-mediated cytotoxicity, and antigen processing and presentation in TCGA and METABRIC datasets (Figures 4A, B). These findings further indicate the important role of LAG3 in mediating immune-related functions during breast cancer progression.




Figure 3 | LAG3 was closely related to immune functions in breast cancer. Gene ontology analysis showed that LAG3 was mainly involved in immune response and inflammatory response in TCGA and METABRIC databases (A, B).






Figure 4 | LAG3 was closely related to immune cell related signaling pathways. KEGG analysis revealed LAG3 was involved in T cell related signaling pathways, B cell related pathways, and immune checkpoint related pathways (A, B).





LAG3-Related Immune Response

To further clarify the role of LAG3 in the immune response to breast cancer, we collected 4,723 immunologically related genes from The Immunology Database and Analysis Portal (ImmPort) database. We selected genes that were most relevant to LAG3 (Spearman |R| > 0.4, P < 0.05) to draw the heatmaps. We found that 322 and 254 immunologically related genes positively correlated with LAG3 in TCGA and METABRIC databases, respectively, and only 25 and 10 immunologically related genes negatively correlated with LAG3, respectively (Figures 5A, B). These results indicate that LAG3 positively correlated with most relevant immune responses and negatively correlated with a small number of immune responses to breast cancer.




Figure 5 | LAG3 related immune responses. Most immune-related genes were positively correlated with LAG3 expression in TCGA and METABRIC databases, while a small number of genes were negatively associated (A, B).





Association of LAG3 Expression and Immune Cell Populations

To further understand the immune regulatory role of LAG3 in breast cancer, we estimated the absolute abundance of eight immune and two stromal cell populations from transcriptome data through the Microenvironment Cell Populations-counter method (29). Interestingly, we observed that LAG3 expression positively correlated with T cells, CD8 T cells, cytotoxic lymphocytes, NK cells, B cell lineages, the monocytic lineage, and myeloid dendritic cells, but not neutrophils, endothelial cells, and fibroblasts (Figures 6A, B). LAG had the strongest correlation with T cells, indicating the important role of LAG3 in T cell-induced immune functions in breast cancer. The detailed correlation coefficients between LAG3 and aforementioned cell abundances are listed in Table 3. These results were mutually verified using the TCGA and METABRIC datasets.




Figure 6 | Association between LAG3 expression and immune cell populations in TCGA (A) and METABRIC (B) databases.




Table 3 | Association Between LAG3 mRNA Expression and Immune Cell Populations in TCGA and METABRIC Databases.





The Relationship Between LAG3 Expression and Immune Modulators in Pancancer

To further understand the role of LAG3 in regulating the immune microenvironment of pancancer, we investigated the relationships between LAG3 expression and three types of previously described immune modulators (38) through the TISIDB database, an integrated repository portal for tumor-immune system interactions. Intriguingly, a similar correlation pattern between immune modulators and LAG3 was observed in 30 types of cancer, and most immunoinhibitors and immunostimulators positively correlated with LAG3 (Figures 7, 8), although a minority of each negatively correlated with LAG3. More interestingly, we found that LAG3 positively correlated with most MHC molecules in pancancer (Figure 9). These findings suggest that LAG3 regulates the tumor immune microenvironment by synergizing with other immune modulators.




Figure 7 | LAG3 expression is correlated with immunoinhibitors in pan-cancer.






Figure 8 | LAG3 expression is correlated with immunostimulators in pan-cancer.






Figure 9 | LAG3 expression is correlated with MHC molecules in pan-cancer.





LAG3 Synergizes With Other Checkpoint Members in the Tumor-Induced Immune Response

To further characterize the synergistic role of LAG3 in the breast cancer-induced immune response, we evaluated the correlations between LAG3 and other checkpoint members (Figures 10A–D). Strong correlations were observed between LAG3 and other checkpoint members. LAG3 positively correlated with TIGIT (r = 0.723, r = 0.465, TGCA, and METABRIC respectively), CD274 (PD-L1) (r = 0.592, r = 0.365), CD28 (r = 0.496, r = 0.364), CD40 (r = 0.742, r = 0.607), CD48 (r = 0.636, r = 0.652), and other checkpoint molecules including CD27 (r = 0.647, r = 0.594), CD86 (r = 0.614, r = 0.609), CTLA4 (r = 0.762, r = 0.722), ICOS (r = 0.754, r = 0.744), and IDO1 (r = 0.756, r = 0.696).




Figure 10 | LAG3 expression is correlated with immune checkpoint members in TCGA and METABRIC databases (A–D).





The Relationship Between LAG3 and Specific Cellular Immune Responses

Previous studies document the inhibitory role of T cell activation (12), although it is unclear whether LAG3 plays the same role in breast cancer and whether LAG3 influences other immune cells. To elucidate the relationship between LAG3 and specific immune responses in breast cancer, GSVA analysis was performed. Strong correlations between LAG3 and T and B cell immunity were observed (Figures 11A, B). LAG3 positively correlated with the T-helper 1 type immune response, regulation of T cell differentiation, regulation of T cell activation, and alpha-beta T cell activation. Furthermore, LAG3 positively correlated with B cell-mediated immunity, B cell activation, and B cell receptor signaling pathways. Moreover, these results were mutually validated using the TCGA and METABRIC databases. These findings suggest that LAG3 plays an inhibitory role in T cell-mediated tumor immunity in breast cancer, and likely affects B cell immunity.




Figure 11 | LAG3 related cell immunity and inflammatory activities in breast cancer. The relationship between LAG3 and cell immunity in TCGA and METABRIC datasets (A, B). The relationship between LAG3 and inflammatory activities in TCGA and METABRIC datasets (C, D). GO: 0019724: B cell mediated immunity; GO:0042088: T-helper 1 type immune response; GO:0042113: B cell activation; GO:0045580: regulation of T cell differentiation; GO:0046631: alpha-beta T cell activation; GO:0050853: B: cell receptor signaling pathway; GO:0050863: regulation of T cell activation.





The Relationship Between LAG3 and Inflammatory Activities

To further reveal LAG3-related inflammatory activities, 104 genes derived from seven clusters were defined as metagenes using Gene Sets Variation Analysis (GSVA) (31) (Table S1) representing different types of inflammation and immunity. We found that LAG3 positively correlated with LCK, HCK, MHC-I, MHC-II, STAT1, and interferon, but not with IgG (Figures 11C, D). Among these seven clusters, LAG3 correlated most strongly with LCK metagenes. More important, these results were mutually verified using TCGA and METABRIC databases. These findings further suggest that LAG3 plays important immune and inflammatory functions in breast cancer.




Discussion

As a novel therapeutic approach, immune checkpoint blocking therapy, which reactivates T cell immune responses to tumor cells and breaks tumor immune suppression, achieved marked success in preclinical or clinical trials of many malignant tumors (5, 7, 8, 11, 39). The most extensively used immune checkpoint inhibitors for research and application of cancer therapy include PD-1 and inhibitors of its ligand PD-L1, as well as CTLA-4. However, the objective response rates range between 13 and 56%, and complete response rates range between 1 and 16%, which presents frustrating challenges, particularly for breast cancer (5–11). Therefore, further progress on understanding the tumor microenvironment is urgently required to identify alternative or facilitating therapeutic targets.

Many recent studies show a specific correlation between LAG3 and PD-1 with T cell inhibition in various diseases (12, 40) such as in viral infection (12, 41), chronic tuberculosis (42), plasmodial infections (43), chronic lymphocytic leukemia (44), and ovarian cancer (45). However, the coexpression and effects of LAG3 and PD-1 on T cells in breast cancer patients are unclear. To define the molecular and clinical relationships between LAG3 expression and immune activities in breast cancer will greatly promote the identification and clinical application of a novel therapeutic target as well as to optimize current therapeutic strategies.

In the present study, we systematically analyzed the expression of LAG3 in breast cancer. We found that LAG3 was upregulated in breast cancer tissue, particularly enriched in the basal, HER2-positive, and LumA subtypes, as well as in patients with higher tumor grades. LAG3 therefore may serve as a valuable biomarker for the TNBC subtype. Moreover, previous studies show that the presence of LAG3+ intraepithelial tumor infiltrating lymphocytes (iTILs) is significantly related to younger age, large tumor size, ER/PR-negativity, and a high Ki67 proliferation index (46, 47). Together, these results indicate that high expression of LAG3 predicts a highly malignant breast cancer. However, some studies arrived at the seemingly opposite conclusion that high expression of LAG3 is associated with favorable overall survival of patients with solid tumors including ovarian, gastric, lymphoma, NSCLC, colorectal, and renal (48), as well as breast cancer. We therefore must focus on the important immunological role of LAG3.

LAG3 is likely predominantly expressed in immune cell populations in the tumor microenvironment, but not by breast cancer cells (12, 49). Under physiological conditions, LAG3, which is expressed on the membranes of activated human T cells, NK cells, B cells, and DCs (50–53), is an activation marker for CD4+ and CD8+ T cells. In tumor patients, LAG3 is expressed on surface of TILs (54, 55). Early studies suggest that LAG3 is a negative regulator of T-cell activation, and the regulation of T cell-mediated immune responses mainly involve three aspects as follows.

First, the proliferation and activation of T cells is directly inhibited by negative regulation. Previous studies show that LAG3 is a negative regulator of T-cell activation, and blockade of LAG3 function in human CD4 clones enhances cell proliferation with elevated production of IFN-γ, TNFα, IL-2, and IL-4 (16). Furthermore, the highly conserved motif KIEELE mediates a cell-intrinsic signal, which may be essential for the negative regulatory function of LAG3 on T cells (56). A more specific role for LAG3 on CD8+ T cells was demonstrated using a model of self-tolerance. Thus, adoptively transferred LAG3−/− HA-specific CD8+ T cells were expanded and produced large amounts of IFNγ, indicating that LAG3 limits self-tolerance (52). Moreover, these CD8+ T cells regain effector function, indicated by an increased number of IFNγ-producing cells. Therefore, the hypothesis is not dependent on CD4+ T cells, and the effect induced by blocking LAG3 is a CD8+ T-cell intrinsic effect (52).

Second, the T cell immune response is indirectly suppressed by promoting the inhibitory function of regulatory T cells (Treg). Recent studies show that LAG3 promotes the differentiation of Tregs, while its blockade inhibits the induction of Tregs (57). This study further illustrates that CD4+ T cells are skewed into a Th1 phenotype by blockade or genetic deletion of LAG3, with LAG3 limiting IL-2 and STAT5 signaling that modulates the ability to be suppressed by Tregs.

Third, T cell activation is prevented by regulating antigen-presenting cells (APC) (14), which is supported by our finding that LAG3 closely correlated with antigen processing and presentation pathways. Published studies show that LAG3 may be involved in mediating bidirectional signaling between interacting APCs. DC activation is inhibited by MHC class-II binding to LAG3-expressing Tregs to suppress their maturation (58). Interestingly, previous studies focus on the impact of LAG3 on T cell immunity, although whether LAG3 impacts other immune response and immune cell populations is unclear. Here we found that LAG3 positively correlated with B cell-mediated immunity, B cell activation, B cell receptor signaling pathways, and natural killer cell-mediated cytotoxicity pathways. Consistent with our observations, previous studies indicate that LAG3 expression is related to NK cells and activated B cells in a T cell-dependent manner (59).

We observed that LAG3 expression had the strongest correlation with T cells (particularly CD8+ T cells), followed by plasmacytoid dendritic cells, NK cells, the monocytic lineage, and the B lineage. LAG3 is constitutively expressed by plasmacytoid dendritic cells (pDCs) at a much higher level than any other cell type (60), while LAG3 is not expressed by any lymphoid DC or myeloid subset. Compared with wild-type pDCs, LAG3–pDCs show enhanced expansion following CpG stimulation in vivo, but do not have an altered expression profile of activation markers, including differential cytokine production or CD80/86 and MHC class II molecules (60).

Furthermore, LAG3+ pDCs are involved in the melanoma environment and interact with HLA-DR-expressing tumor cells in vivo. Moreover, in vitro studies show that as the result of the stimulation of MHC class II-expressing melanoma cells, LAG3+ pDCs mature and produce IL-6 (61). Therefore, LAG3+ pDCs may indirectly drive myeloid-derived suppressor cell (MDSCs)-mediated immunosuppression through the engagement of MHC class II+ melanoma cells.

LAG3 is expressed by NK cells (~10%) and invariant NKT cells (19). LAG3 signaling reduces the proliferation of activated NKT cells, resulting in cell cycle arrest in S (62). Moreover, overexpression of LAG3 is associated with impaired iNKT cytokine production (IFNγ) during chronic HIV infection, although this does not involve other T-cell subsets (63). One study suggests that a soluble monomeric form of LAG3 (sLAG3), generated by alternative splicing, impairs the differentiation of monocytes into DCs and macrophages, which subsequently diminishes its immunostimulatory capacity (64). Moreover, at the end of IMP321 (a LAG3 antagonist) treatment, there is a 50% objective tumor response and decreased tumor size related to an increase in the absolute number of monocytic cells (65).

The role of LAG3 on B cells is partially understood, because its expression is only reported in a single study (43). Thus, LAG3 exerts differential inhibitory impacts on various types of lymphocytes. Except for relatively deep and detailed research on T cells, the functional role and mechanism of LAG3 on other immune cells are not fully understood, and further studies are required to enrich this field.

As described above, LAG3 expression was associated with poor clinicopathological factors and elicited an immune suppressive function, supporting the hypothesis that the expression of LAG3 in breast cancer patients leads to poor survival. However, inconsistent with the present results, the findings of other studies indicate a favorable association between high expression of LAG3 and cancer-specific survival, particularly of the ER-negative, HER2-positive, and basal-like subtypes (46, 66, 67). Interestingly, another study found that serum LAG3 closely correlates with prolonged survival of ER-positive patients (41).

These results indicate a complicated relationship between LAG3 expression, clinical characteristics, and the prognosis of breast cancer. One possible explanation is that the presence of LAG-3 expressing TILs may indicate an ongoing cancer-immune interaction (46), a phenotype defined as an inflamed tumor (68), which usually signifies somewhat improved prognosis. Furthermore, LAG3 expression by engineered tumor cells efficiently promotes and facilities activation, intratumoral recruitment, and Th1 commitment of APCs, which results in a large intratumoral influx of specific and non-specific reactive cells, as well as the release of immunoregulatory and cytotoxic mediators (69). Consequently, further studies are encouraged to focus on this controversial problem.

Despite the promising impact of cancer immunotherapy targeting CTLA4 (e.g. ipilimumab) and PD1/PDL1 (e.g. pembrolizumab), with in-depth research, the side effects and resistance of these drugs have gradually emerged (70, 71). Moreover, a large number of cancer patients fail to respond, and the response rate to ipilimumab is only 15% and that to PD-1/PD-L1 inhibitors is <40% (72). Here we found that LAG3 closely correlated with PD-L1 expression and the PD-1 checkpoint pathway in cancer; and strong correlations were observed between LAG3 and other checkpoint members such as CTLA4, TIGIT, CD28, CD40, CD48, CD27, CD86, ICOS, and IDO1.

Early studies found that sustained T-cell activation induced by a chronic inflammatory environment, for example, during chronic viral infection or in a tumor, causes persistent LAG3 expression by T cells, which frequently coexpresses with other IRs such as PD1, TIM3, TIGIT, CD160, and 2B4, subsequently resulting in a dysfunctional T-cell state (73). This state, named T-cell functional exhaustion, is defined by a distinct subset of exhausted T cells with elevated expression of IRs, resulting in lack of proliferation, cytokine secretion, and cytolytic activity (15, 74–76).

Here we characterized the comprehensive pattern of LAG3 expression and immune cell populations and immune modulators. These results should be considered in the context of limitations, and future studies must analyze or discuss related specific immune cells and immune molecules related to enhancing the significance of the application of these results.
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Extensive research over 100 years has demonstrated that tumors can be eliminated by the autologous immune system. Without doubt, immunotherapy is now a standard treatment along with surgery, chemotherapy, and radiotherapy; however, the field of cancer immunotherapy is continuing to develop. The current challenges for the use of immunotherapy are to enhance its clinical efficacy, reduce side effects, and develop predictive biomarkers. Given that histopathological analysis provides molecular and morphological information on humans in vivo, its importance will continue to grow. This review article outlines the basic knowledge that is essential for the research and daily practice of immune checkpoint inhibitor-based cancer immunotherapy from the perspective of histopathology.
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Introduction

In the late 19th century, Coley proposed that malignant tumors could be eliminated by means of autologous immunity. Toward this aim, he inoculated cancer patients with heat-inactivated bacteria (1). In the context of immunology, this represents the induction of innate immunity. In the following century, cancer immunology has progressed with repeated cycles of optimism and pessimism. At the end of the 20th century, Boon et al. reported that melanoma-associated antigen-A1 was a specific antigen of malignant melanoma (2). This report provided confidence for the first time that malignant tumors could be specifically eliminated by the patient’s own immune system. However, it took an additional two decades for immunotherapy to become an option for cancer treatment in daily clinical practice. With the advent of immune checkpoint inhibitors (ICIs) in recent years, immunotherapy has been established as the fourth standard cancer treatment method along with surgery, chemotherapy including cytotoxic agents and molecular targeted based agents, and radiotherapy (3). However, the overall response rate of ICIs is only 15%–25% in the approved types of cancer, excluding malignant melanoma (4). However, up to 30% of patients treated with PD-1 and/or CTLA-4 inhibitors experience grade 3 or 4 immune-related adverse events (5). In addition to enhancing its efficacy and reducing harmful adverse effects, the development of relevant biomarkers that can predict the efficacy of immunotherapy is also required. Histopathological analysis is a classic method and the only commonly accessible approach to observe and characterize human diseases including molecular and morphological information in vivo. Therefore, the importance of histopathological analysis will continue to grow. This review article outlines the basic knowledge of cancer immunity and the mechanism underlying the effect of ICIs. We also discuss how histopathological analysis can be used to investigate cancer immunity.



Fundamental Strategy of Cancer Immunotherapy

Before a tumor can become established, the immunosurveillance system eliminates cells that accumulate gene mutations, which are the origin of clinical cancer (6). However, clinically malignant tumors have survived a putative three-step immune-editing mechanism, as we discuss later (7). In other words, a cell with gene mutations needs to evade immunosurveillance in order to develop into a tumor. Therefore, to establish effective immunotherapy, it is necessary to break the tolerance of the immune system to tumor cells. There are two major strategies for cancer immunotherapy: enhancing immunity or reducing immune suppression.

Enhancing anticancer immunity has been a fundamental strategy of cancer immunotherapy for a considerable period of time, from Coley’s bacterial vaccination to cancer vaccines based on antigen-specific peptides or dendritic cells (8). The antigen-specific elimination of tumor cells is the strongest advantage of this approach. However, simply enhancing specific and/or non-specific immunity has not led to clinically relevant cancer immunotherapy because of its low efficacy (9).

In contrast, recently developed ICIs confer an antitumor effect by blocking immune checkpoint-driven immunosuppression. Although the clinical efficacy of ICIs is higher than that of conventional immune enhancement, we are unable to induce cancer-specific immune reactions. Therefore, ICIs often provoke immune-related adverse events (10). ICI-related immune-related adverse events may show characteristic clinical manifestations, which are sometimes different from those of ordinary autoimmune diseases (11). Immune-related adverse events not only deteriorate patients’ quality of life but are also occasionally life-threatening (12, 13).

These two approaches are often described as “pushing the accelerator” and “releasing the brake”, respectively. Notably, these two strategies are not mutually exclusive. Therefore, their combination can be a promising approach for the development of the next generation of cancer immunotherapy.



Targets of Cancer Immunity

In principle, self-derived antigens are tolerated through thymic selection. Then, how can self-derived tumor cells be targeted by the immune system? Tumor cells possess cancer-specific antigens that are expressed at lower levels by non-tumor tissue. The immunogenicity of a cancer antigen depends on the quantity and quality of the antigen (e.g., the higher its expression level, the higher its antigenicity). However, it has not been fully clarified which factors determine the quality of an antigen. Nevertheless, it is clear that cancer antigen-reactive T cells are not removed as autoantigen-reactive T cells through thymic negative selection (14). Although the classification of cancer antigens has not been standardized, here we simply categorize them into three types: neo-, viral, and self-antigens (15–17). Notably, viral antigens and self-antigens are reproducible among patients, and these can be detected by immunohistochemistry (IHC).


Neo-Antigens

In the process of cancer development, the accumulation of gene mutations in somatic cells generates proteins with altered structures, which we call neo-antigens. The majority of neo-antigens are not considered to be highly antigenic. However, when increasing numbers of neo-antigens are produced due to the accumulation of a large number of gene mutations, it is more likely that highly antigenic ones will be generated that could serve as specific targets for immunity. Interestingly, the clinical efficacy of ICIs is significantly correlated with the frequency of gene mutations in malignant cells (18), suggesting that ICI-induced cancer immunity targets neo-antigens (19). Because neo-antigens are the product of accidental gene mutations, a specific neo-antigen can principally be applied as a cancer vaccine in a single case. Independent studies in the US and Europe used gene sequencing of tumor tissues to identify putative highly immunogenic neo-antigens, the inoculation of which prevented the recurrence of melanoma (20, 21). Together with the development of gene sequencing technology and sophisticated estimation algorithms for the identification of immunogenic neo-antigens, such personalized treatment may become prevalent in the future (22).

In addition to “ordinary” neo-antigens generated via gene mutation, reproducible neo-antigens are attractive targets for next-generation cancer immunotherapy. Because reproducible neo-antigens can be inventory-shared, they can be applied for vaccination therapy or adoptive cell therapy for a considerable number of patients. There are three candidates for inventory-shared neo-antigens: spliced peptides, hotspot mutations, and antigens derived from cancer-specific aberrant post-translational modifications. Proteins are decomposed into peptides by the proteasome and then recombined into spliced peptides (23, 24). Although they do not depend on gene mutations, spliced peptides differ from the original amino acid sequence and can be neo-antigens in a broader sense. Although the generation of spliced peptides often occurs in non-neoplastic cells, especially in the endocrine system, tumor cells also possess them (25). Hotspot mutations often generate diverse mutation-derived neo-antigens. Indeed, hotspot mutations in tumor protein p53 (TP53) and isocitrate dehydrogenase 1 (IDH1) were reported to generate antigenic peptides in ovarian cancer and glioma, respectively (26, 27). In addition, the identification of hotspot mutation-derived neo-antigens and their application for tailored neo-antigen therapy has become reality (28). Regarding antigens derived from cancer-specific aberrant post-translational modifications, protein phosphorylation can alter the structure of self-peptides to generate tumor-specific epitopes (29–31). The functional relevance and efficient detection of these reproducible neo-antigens are under investigation.



Viral Antigens

Viral infection is an important factor in the development of cancer. In viral infection-related cancer, viral antigens can be targeted by the immune system. Carcinoma of the uterine cervix is a representative viral infection-related cancer in which the human papilloma virus is critically involved in carcinogenesis. Autologous immunity can target human papilloma virus-derived E6 and E7 proteins, which is the only clinically applied prophylactic anti-cancer vaccine (32, 33). In addition, ICIs are reported to induce an excellent clinical anti-tumor response to Epstein-Barr virus-related malignant tumors, including a subset of gastric cancer and natural killer/T cell lymphoma (34–36). Clinical trials of ICIs in some other types of virus-associated carcinoma are in progress (37). In addition, recent studies have revealed that sequences derived from human endogenous retroviruses, which are remnants of retroviruses integrated into the human genome, can be associated with the clinical response to programmed death-1 (PD-1) blockade in cancer immunotherapy (38, 39).



Self-Antigens

Malignant cells often over-express apoptosis-inhibiting or cell cycle-regulating molecules in comparison with non-tumor cells. Cancer immunotherapy has applied these over-expressed antigens as specific targets for a long period of time. A strength of this approach is that this type of cancer antigen is highly involved in the survival of malignant cells. Therefore, acquired gene mutations that disable the immune escape effect of these proteins render tumor cells non-viable. We reported that immunization with a survivin-derived peptide, an apoptosis-inhibiting molecule, conferred an immune response in some types of cancer in vitro and in vivo (40, 41). However, survivin peptide vaccination did not prolong survival in patients with advanced pancreatic adenocarcinoma in a phase II clinical trial (42). None of the other cancer vaccination therapies targeting this type of antigen has been clinically applied. Because this kind of antigen is also expressed at a low level in normal tissue, they tend to show less antigenicity due to immune tolerance.

Cancer-testis antigens (CTAs), which are also included as self-antigens, are thought to be more immunogenic than over-expressed antigens. They are expressed only in the testis and cancer cells. Although the transcriptional expression of CTAs was reported in the thymic medullary epithelium, negative selection for CTAs and consequent immune tolerance was not proven (43). Theoretically, given that the testis is an immune-privileged site due to the lack of human leukocyte antigen (HLA) class I molecules and the presence of the blood-testis barrier, these antigens in cancer cells can only be targeted by immunity. In recent years, some CTAs, which are involved in spermatogenesis, were shown to be highly and specifically expressed in human cancer stem-like cells/cancer-initiating cells of solid tumors. These cancer stem-like cell/cancer-initiating cell-specific antigens induced a strong immune response, suggesting their potential usefulness for immunotherapy specifically targeting cancer stem-like cells/cancer-initiating cells (44).

A recently published study revealed that malignant melanoma tissue harbors numerous tumor-infiltrating lymphocytes, which are self-antigen cognitive (45). Significantly, antigen spreading, a cardinal process for effective cancer immunotherapy, can potentiate not only neo-antigens but also self-antigens during the killing of tumor cells (46–48). Although inoculation with self-antigens alone does not induce a satisfactory immune reaction, combination therapy with additional ICIs may contribute to disease control (49). The evaluation of self-antigens may become increasingly important toward the realization of a persistent anti-tumor effect.




Process of the Immune Reaction to Tumor Cells and ICIs

Cancer immunity involves various types of immune cells such as lymphocytes, innate lymphoid cells including natural killer cells, monocytes/macrophages, and granulocytes. Although several immune cells that can exhibit cytotoxic activity have been reported, including natural killer and T cells, a definite antitumor function in human tumor immunity has been described only for CD8-positive cytotoxic T lymphocytes (CTLs). For immune cells to eliminate malignant cells, it is necessary to complete a series of several functional stepwise events described as the “cancer immunity cycle” (Figure 1) (50): release of cancer antigens from injured tumor cells (step 1); uptake of cancer antigens by dendritic cells and antigen presentation (step 2); priming phase (T cell activation; step 3), migration of CTLs to tumor site (step 4); infiltration of CTLs into tumor tissue (step 5); recognition of cancer antigens presented by the HLA class I molecules of tumor cells (step 6); and effector phase (destruction of tumor cells; step 7). Dysregulation of even a single phase stops the whole cycle, resulting in the failure of cancer immunity. Of these steps, the currently available ICIs act in the priming and effector phases.




Figure 1 | Cancer immunity cycle and mechanism of immune checkpoint inhibitors. (Step 1) Release of cancer antigens from injured tumor cells; (Step 2) uptake of cancer antigens by dendritic cells and antigen presentation; (Step 3) priming phase (T cell activation); (Step 4) migration of cytotoxic T lymphocytes (CTLs) into the tumor; (Step 5) infiltration of CTLs into the tumor; (Step 6) recognition of cancer antigens presented by HLA class I molecules of the tumor cells; and (Step 7) effector phase (destruction of tumor cells). Repeated cycles of the cancer immunity system can eliminate a tumor. Modified from Chen et al. (50) CTLA-4, cytotoxic T-lymphocyte-associated protein 4; DC, dendritic cell; HLA I, human leukocyte antigen class I molecules; HLA II, human leukocyte antigen class II molecules; PD-1, programmed death-1; PD-L1, programmed death ligand 1; Th1, type 1 helper T cell; Th2, type 2 helper T cell; Treg, regulatory T cell.




Priming Phase

This process occurs primarily in lymph nodes and/or putative tertiary lymphoid structures close to the tumor (51). Tumor antigens from disrupted tumors are taken up by dendritic cells and presented by HLA class I and class II molecules. T cells are activated and proliferate once the following three signals are achieved: T cell receptor recognition of the corresponding antigen peptide-HLA molecule complex (first signal), signaling from the co-stimulatory molecule (second signal), and stimulation by the relevant cytokines (third signal). In this phase, ICIs inhibit co-inhibitory molecules, including PD-1 axis and cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), that repress the second signal.



Effector Phase

After the priming phase, activated cancer antigen-specific CTLs migrate and infiltrate into tumor tissue. CTLs recognize cancer antigens presented by HLA class I molecules in the tumor cells and kill the cells. Notably, although it has been considered that CTLs induce apoptosis in tumor cells, these cells do not appear to be apoptotic but rather necrotic in morphological observations (Figure 2) (52). In addition, although classic apoptosis is not supposed to evoke inflammation, immunogenic cell death is required to promote the cancer immunity cycle. Indeed, CTL-induced immunogenic cell death has been reported (53). Alternatively, ICIs may evoke secondary necrosis, which is an autolytic process of cell disintegration with the release of cell components when the remnants of apoptotic cells are not cleared by scavenger cells (54, 55). Together with uncovering the mechanism of CTL-induced tumor cell death, it is important to investigate the significance of alarmin proteins as a danger signal released from the destroyed tumor cells in the context of the cancer immunity cycle (56).




Figure 2 | Histology of renal cell carcinoma after the administration of immune checkpoint inhibitors. Left: Hematoxylin and eosin (HE) staining of a case of renal cell carcinoma (arrows) after ipilimumab and nivolumab therapy. Typical morphological changes in apoptosis such as shrinkage of the cell and/or fragmentation into apoptotic bodies are not seen (circle). Right: Immunohistochemical staining for CD8 in a serial section. Numerous CD8-positive cells have infiltrated the tumor.



In this phase, cancer cells express programmed death ligand 1 (PD-L1) and/or PD-L2, which dampen anti-cancer immunity by interacting with PD-1 on CTLs. Anti-PD-1/PD-L1 antibodies inhibit this reaction. However, anti-CTLA-4 antibody was not considered to have a function in this phase. Nevertheless, the most prevalent anti-CTLA-4 antibody, ipilimumab (IgG1 type), eliminates CTLA-4-expressing regulatory T cells by means of antibody-dependent cellular cytotoxicity (57). Antibody-dependent cellular cytotoxicity activity may increase anti-cancer immunity and unfavorable adverse effects. Tremelimumab, another anti-CTLA-4 antibody (IgG2 type) shows lower antibody-dependent cellular cytotoxicity activity. Compared with ipilimumab, the clinical utility of tremelimumab has not been established. An early study investigating the utility of tremelimumab for malignant melanoma was disappointing, potentially implying the functional significance of anti-CTLA-4 antibody-dependent cellular cytotoxicity activity in the effector phase (58). In addition to these molecules, research and clinical trials have been conducted to investigate whether targeting other types of inhibitory receptors, including lymphocyte activation gene 3 (LAG3), T cell membrane protein 3 (TIM3), and T cell immunoglobulin and ITIM domains (TIGIT), might enhance the efficacy of cancer immunotherapy (59–62).




Immune Editing and Immune Escape

In our current understanding, the immune system continually detects tumor antigens and eliminates mutant cells regardless of treatment. In the mid-1960s, Bernet named this mechanism “immune surveillance”. However, tumor cells evade immune surveillance by immune editing, which consists of three phases (7). The first is the “elimination phase”, which is the stage where the immune surveillance mechanism works. If elimination fails, it progresses to the “equilibrium phase”, which is the antagonistic state of immune surveillance and immune escape of malignant cells. The final phase is the “escape phase”, in which cells that have accumulated mutations to escape from immunity start to proliferate. Most clinically apparent tumors are at this stage. ICIs can only partially block the immune escape mechanisms in the priming and effector phases. In other words, the reason that many patients do not respond to ICIs is largely attributed to the interruption of the cancer immunity cycle at a certain phase. There are two major patterns of cancer immune escape.

The first is the decreased immunogenicity of malignant cells. As in Darwin’s Theory of Evolution, malignant cells with high adaptation to their environment survive and proliferate. In the context of cancer immunity, a mutant cell with high antigenicity may be eliminated by the immune system. In contrast, cells with low antigenicity can survive.

The second is the cancer cell-mediated reconstruction of the local immune microenvironment. If the expression of co-stimulatory or co-inhibitory molecules is eliminated or increased in tumor cells, respectively, CTLs cannot efficiently eliminate these cells. PD-L1 over-expression on tumor cells is a representative cancer immune escape mechanism. Alternatively, tumor cells and surrounding stromal cells may produce immunosuppressive cytokines such as tumor growth factor-β (63, 64). In addition, tumor cells control the migration, maturation, and/or cytokine production of stromal fibroblasts and/or various immune cells, which leads to the generation of a cancer immune microenvironment with decreased antitumor immunity. For example, the infiltration of regulatory T cells and myeloid-derived suppressor cells into tumors is reported to suppress anti-cancer immunity, resulting in a poor prognosis (65, 66). In contrast, CD8-positive lymphocyte infiltration is often observed only in tumor-associated fibroblastic lesions, but not in tumor cells. In such a setting, CTLs cannot recognize and eliminate tumor cells, which can be the result of a deviated immune cell homing process (67). An increasing number of studies have reported that the manipulation of chemokine-mediated immune cell trafficking ameliorates effector cell infiltration into tumors (68–70).



Predictive Markers of ICI Efficacy by Histopathological Analysis

ICIs are expensive and can become a socioeconomic burden, and thus relevant biomarkers are urgently required that can distinguish whether an antibody drug would be effective in each patient (71). In our current understanding, there are common denominators that are recognized as potential prediction markers for estimating the efficacy of anti-PD-1/PD-L1 antibodies (72). The first is whether cancer cells express PD-L1, which may mean that tumor cells have escaped from cancer immunity by utilizing the PD-1/PD-L1 axis. The second is whether CD8-positive cells have infiltrated the tumor. The third is how many gene mutations tumor cells have. Strictly speaking, whole exome sequencing is required to estimate mutational burden; however, the detection of defects in DNA mismatch repair proteins (dMMRs) or microsatellite instability can be used as a surrogate marker for mutational burden (73, 74). In addition, the appropriate expression of HLA class I molecules on tumor cells is a prerequisite for CTL-based cancer immunotherapy. Notably, all of these factors can be investigated using formalin-fixed paraffin-embedded (FFPE) specimens and histopathological analysis. The combination of these factors would provide further reliable predictions of treatment efficacy. Table 1 lists commercially available antibodies for other markers that can be used for the investigation of FFPE specimens. However, the problem is that tumor cells are heterogeneous; therefore, small specimens obtained by biopsy do not always represent the majority of the lesion.


Table 1 | Representative antibodies for immunohistochemical investigation of human cancer immunity.




IHC for PD-L1

Currently, PD-L1 immunostaining with FFPE specimens is performed routinely as a biomarker to estimate the efficacy of anti-PD-1/PD-L1 antibodies. It is worth noting that there are multiple clones of anti-PD-L1 monoclonal antibodies that can be used for IHC. Whereas the 22C3, 28-8, and SP263 clones recognize the extracellular domain of PD-L1, the SP142 and E1L3N clones bind to its intracellular domain (75). PD-L1 staining results differ depending on which antibody clone is used (Figure 3A) (76). In particular, the differential recognition domain of each antibody clone affects the results of PD-L1 staining in diffuse large B cell lymphoma. A recent report investigating the interchangeability of PD-L1 IHC concluded that it cannot be simplified (76). Therefore, the appropriate protocol for evaluating PD-L1 expression differs according to the type of cancer to be analyzed.




Figure 3 | Representative biomarkers estimating the clinical effect of immune checkpoint inhibitors. (A) Differential programmed death ligand 1 (PD-L1) staining at the same site on serial sections in a case of melanoma. Left: 28-8 clone; Right: E1L3N clone. (B) Three major patterns of CD8-positive cell infiltration. All cases presented here are clear cell renal cell carcinoma. The dotted line indicates the boundary between the tumor and interstitial tissue. (C) CD8-positive cell infiltration pattern of colon adenocarcinoma. The maximum density of CD8-positive cell infiltration in these two cases is at the same level. In the left case, CD8-positive cells infiltrated mainly the interstitial tissue. Meanwhile, CD8-positive cells also infiltrated the tumor tissue. (D) Immunohistochemistry for MutS protein homolog 2 (MSH2), MutS protein homolog 6 (MSH6), MutL protein homolog 1 (MLH1), and postmeiotic segregation increased 2 (PMS2) in colon adenocarcinoma. MSH2, MLH1, and PMS2 are stained in the nucleus. However, MSH6 staining is lost, indicating DNA mismatch repair protein deficiency. The staining has to be verified with an internal positive control. Note that some of the infiltrated mononuclear cells show nuclear staining (arrows).



The interpretation of PD-L1 IHC results is also important. In non-small cell lung cancer, pembrolizumab is significantly more effective in PD-L1-positive cases than in PD-L1-negative cases (77). However, a favorable effect of this antibody drug is not guaranteed even in PD-L1-positive cases. In contrast, pembrolizumab is not necessarily ineffective in PD-L1-negative cases. In clear cell renal cell carcinoma, there was no correlation between the therapeutic efficacy of nivolumab on advanced renal cell carcinoma and PD-L1 tumor expression in the CheckMate-025 study (78). In addition, PD-L1 expression in tumor tissue observed by IHC indicates only a part of the immune environment in the effector phase, but not in the priming phase or entire cancer immunity cycle. Therefore, evaluating PD-L1 expression alone is insufficient for a precise estimate of the clinical response of anti-PD-1/PD-L1 antibodies. It is important to know the pathological significance of PD-L1 IHC results. Although it is difficult to determine this by morphological analysis alone, there are four patterns of PD-L1 staining that take the cancer microenvironment into account (79).


PD-L1-Positive Expression Induced by Activated CTLs

Interferon-γ (IFNγ) produced by activated CTLs infiltrating a tumor induces PD-L1 expression in the tumor cells. Consequently, CTLs are inactivated through the PD-1 signaling pathway. This phenomenon is called adaptive immune resistance. In histological analysis, a large number of CD8-positive cells should infiltrate a PD-L1-positive tumor. However, stromal macrophages or other types of immune cells can also express PD-L1. Thus, it is necessary to distinguish whether PD-L1-positive cells are tumor cells or stromal immune cells to predict a therapeutic response, which is sometimes challenging and depends on the cancer type and antibody drug (80–82). For example, when investigating the indication for pembrolizumab in non-small lung carcinoma, pathologists should evaluate PD-L1 expression in cancer cells with the 22C3 clone (77). However, when investigating the indication for atezolizumab in triple-negative breast cancer, pathologists should evaluate PD-L1 expression in infiltrated immune cells with the SP142 clone (83, 84). As a further complication, PD-L1 expression is not important for the application of atezolizumab for non-small cell lung carcinoma after platinum-based chemotherapy (85).



PD-L1-Positive Expression Independent of CTLs

PD-L1 over-expression is induced by gene mutation of tumor cells and oncogene activation. This CTL-independent PD-L1 expression is called innate immune resistance. To date, PD-L1 over-expression has been reported in adult T-cell leukemia/lymphoma, in which transcripts are stabilized by disruption of the 3′-untranslated region (86). PD-L1 is over-expressed in Hodgkin’s lymphoma by the amplification of chromosome 9 (87). A similar mechanism has been confirmed in solid tumors at a low frequency. In addition, chemotherapeutic agents can induce PD-L1 expression (88, 89). However, the functional significance of CTL-independent PD-L1 expression has not been established.



PD-L1-Negative Expression Due to a Lack of CTL Infiltration

Immune cell trafficking is determined by chemokines and cell adhesion molecules produced by tumor cells and stromal cells, including vascular endothelial cells and fibroblasts (90). Tumor tissue without PD-L1 expression and T cell infiltration is called an “immune desert”, for which administration of anti-PD-1/PD-L1 inhibitor is not expected to produce a response (91). However, the combination of anti-PD-1/PD-L1 inhibitor with an anti-CTLA-4 antibody and some chemotherapeutic agents, which can induce immunogenic cell death, may initiate an effective cancer immunity cycle. Subsequently, CTLs can infiltrate tumor tissue and PD-1 inhibitors can exert an effect through the mechanism described above (92).



PD-L1-Negative Expression Due to Gene Mutation

Even when a tumor is profoundly infiltrated with CTLs, PD-L1 expression can be inhibited due to gene mutation such as in the interferon receptor JAK pathway because these mutations prevent IFNγ signal transduction (93). This type of escape has been reported in recurrent cases after anti-PD-1 antibody use (94). In this case, tumor cells are considered to escape from immunity via a non-PD-1/PD-L1 axis.




CD8 and Cytotoxic or Exhaustion Markers

Because PD-L1 expression reflects only a small part of the tumor microenvironment, it can provide a limited prediction of the efficacy of anti-PD-1/PD-L1 treatment. To analyze the tumor microenvironment more precisely, it is necessary to analyze not only tumor cells but also immune cells. The investigation of CD8-positive lymphocytes, which are nearly equal to CTLs, by IHC is the most accessible method for detecting CTLs (95). There are three major patterns of CTL infiltration: inflamed, excluded, and desert (Figure 3B) (96, 97). In the inflamed pattern, the tumor harbors numerous CD8-positive cells, whereas they are found only in interstitial tissue in the excluded pattern. In the desert pattern, there are very few CD8-positive cells in the tumor and interstitial tissue. It is especially important to distinguish whether CD8-positive lymphocytes infiltrate the tumor or interstitial tissue. In Figure 3C, the maximum density of CD8-positive cell infiltration in these two cases was at the same level. However, the left panel is categorized as the excluded pattern, whereas the right panel represents the inflamed pattern, for which we can expect immunotherapy to be effective. Previous reports have shown the importance of distinguishing these infiltration patterns (40, 98).

CD8-positive lymphocytes do not consist of a uniform population from the point of view of functional classification. In addition to their location, the functional phenotype or differential status of CD8-positive lymphocytes is an also important information (Figure 4). The combination of CD8 with granzyme B and/or TIA-1, which are killing activity-related molecules that are screened frequently in FFPE specimens, may increase reliability (99, 100). In addition, the intratumoral infiltration of transcription factor T cell factor 1 (TCF1)/TCF7-positive CTLs, indicating central memory CD8-positive T cells, is correlated with a positive clinical outcome in melanoma patients (101, 102). Furthermore, potentially useful antibodies detecting IFNγ-inducible molecules, including C-X-C motif chemokine (CXCL) 9, CXCL10, and CXCL11 or IFNγ itself, have been generated (103–105). However, continuous exposure of T cells to antigen induces the deterioration of T cell function, which is called “T cell exhaustion” (106). Exhausted CTLs do not show sufficient antitumor activity in response to inhibition of the PD-1/PD-L1 axis. An increasing number of studies have reported the molecular mechanism and relevant markers of T cell exhaustion. The expression levels of nuclear orphan receptor 4a and thymocyte selection-associated high-mobility group box transcription factors in CD8-positive T cells can be used to determine T cell exhaustion (107–110). Additional examinations of these molecules by IHC might confer further precise evaluation of ICI efficacy.




Figure 4 | Differentiation fate and immunohistochemistry (IHC) markers for CD8-positive T cells. The behavior of CD8-positive T cells is dependent on the differentiation stage, which is not clearly defined. The schema shown here is extremely simplified. IHC for formalin-fixed paraffin-embedded specimens may reveal the functional relevance of CD8-positive T cells in each stage of differentiation. TCM, central memory T cell; TE, effector T cell; TEM, effector memory T cell; Tex, exhausted T cell.





Detection of Deficiency of Mismatch Repair Proteins

ICIs are expected to be effective for tumors with a high mutational burden or virus-related tumors. The former includes mutagen-induced tumors such as smoking-associated carcinoma, and tumors with disturbed DNA repair systems. There are several DNA repair systems that maintain the accuracy of DNA replication.

Mismatch repair proteins amend errors of the DNA sequence during DNA replication. Germline mutation of these proteins, which is called Lynch syndrome, significantly increases the lifetime risk of colorectal and/or endometrial carcinoma (111, 112). In addition to approximately 10% of cases with colorectal carcinoma and 30% of cases of endometrial carcinoma, sporadic or germline dMMRs are also found in ovarian, urothelial, gastric, hepatobiliary, and pancreatic carcinoma (113, 114). Pembrolizumab, an anti-PD-1 antibody, has been adapted for the treatment of any type of dMMR cancer. In a famous clinical study, pembrolizumab was shown to be clinically effective in more than 50% of dMMR cancers (115).

In histopathological analysis, four major dMMR proteins, namely, MutL protein homolog 1 (MLH1), MutS protein homolog 2 (MSH2), MutS protein homolog 6 (MSH6), and postmeiotic segregation increased 2 (PMS2), can be examined by IHC (Figure 3D). In daily practice, a two-antibody approach with MSH6 and PMS2 is as effective as a four-antibody method (116), because negative staining for MSH6 corresponds to a lack of MSH2 and/or MSH6 proteins because the stability of MSH6 is dependent on MSH2. In the same way, staining for PMS2 covers the protein expression of PMS2 and/or MLH1. Therefore, the loss of dMMR proteins is designated in cases with either the loss of MSH6 or PMS2 staining. The pitfalls and caveats in assessing IHC results for these proteins are described elsewhere (113, 117). Due to the simplicity of this assay, the evaluation of dMMR proteins by IHC is useful for estimating the tumor mutational burden.



HLA Class I Molecule Expression

Under immune pressure, tumor cells that no longer express HLA class I molecules can survive due to loss of immunogenicity (Figure 5A) (118, 119). Regardless of therapeutic intervention, HLA class I molecules often disappear. We can assess HLA class I molecule expression by IHC examination with FFPE specimens. Notably, it is important for pathologists to evaluate HLA class I molecules on the cell surface, but not in the cytoplasm (120). In surgically resected specimens, a decrease of HLA class I molecules is correlated to a poor prognosis in various types of malignancy, indicating that immune surveillance also inhibits the further growth of an established tumor (118, 121–124). Nearly all current strategies for CTL-mediated immunotherapy cannot theoretically surmount the loss of HLA class I molecules, which is a serious problem for the future of cancer immunotherapy (Figure 5B). It is urgently required to establish a relevant scoring system that is reproducible among pathologists. In addition to HLA class I molecules, the proper contribution of the antigen processing and presentation machinery, including β2-microglobulin, transporter 1, ATP-binding cassette subfamily B member (TAP1), TAP2, or tapasin, is required for appropriate cancer antigen presentation. Therefore, dysfunction of these molecules is involved in cancer immune escape (125).




Figure 5 | Immune escape via loss of human leukocyte antigen (HLA) class I molecules. (A) Expression pattern of HLA class I molecules detected by the EMR8-5 monoclonal antibody in diffuse large B cell lymphoma. Left: intact cell boundary staining; Right: loss of staining. (B) Adaptive immune escape hypothesis: immunogenic tumor cells are eliminated by cytotoxic T lymphocytes; nevertheless, tumor cells without HLA class I molecules survive and proliferate.



We previously reported that the expression of HLA class I molecules tends to be reduced in dMMR colon cancer (120). We can assume that dMMR tumor cells harboring abundant neo-antigens are naturally exposed to a strong immune reaction, whereas the expression of HLA class I molecules and β2-microglobulin can be inhibited easily, thereby enabling immune-escaped malignant cells to proliferate. We name this phenomenon “adaptive immune escape”. However, surprisingly, in endometrial cancer, this tendency is not the case, potentially because of differences in the immune microenvironment between the two types of carcinoma (126).




Unresolved Issues and Future Directions of Histopathological Investigation in Cancer Immunology

Although, as noted above, histopathological analysis provides valuable in vivo information in humans, a number of issues remain unresolved. Such issues are attributable mainly to the spatiotemporal phenotypic heterogeneity of cancer cells in cancer tissue. Despite its utility and convenience, histopathological investigation provides only a two-dimensional picture of the three-dimensional tumor mass at a given point in time. This raises questions the following questions. How much area needs to be evaluated? Which area should be analyzed? Should it be the core of the tumor, the invasion edge, or both? (127) It is possible that one area harbors a dense group of inflammatory cells, while the other area has far less inflammatory cell infiltration. These points of evaluation vary according to the study. It is still not known how other treatment modalities, including various chemotherapeutic agents and irradiation, influence the cancer immune microenvironment. In addition, there is no established consensus on which timing of biopsy can most accurately predict the clinical efficacy of ICIs. Recent studies have reported positron emission tomography-based monitoring of CD8-positive cell infiltrates in the tumor (128, 129). This technology may provide a promising monitoring tool for investigating specific molecular targets in tumor and/or interstitial cells in the whole cancer lesion. In addition, image analysis involving deep learning methods based on artificial intelligence and neural networks may provide even more accurate evaluation (130). However, it is essential for the development of these technologies to establish an optimal methodology for carrying out histopathological investigation.



Conclusion

Although cancer immunotherapy is becoming a major standard treatment, we still have many unclear points regarding the detailed mechanism or action of ICIs. In addition, single agent administration is less effective in more than 70% of cases. The risk of serious immune-related adverse events cannot be ignored. Therefore, the development of more effective and highly cancer-specific immunotherapy and the development of reliable biomarkers for optimal treatment selection are important issues for the future. Histopathological analysis by IHC will become progressively more important due to the limitation of accessibility to clinical samples and the daily feasibility of analysis. Furthermore, the recently developed Immunoscore evaluation method of FFPE specimens has provided a prognostic estimation as accurate as that of the tumor, node, metastasis evaluation system (131–134). The evaluation of the immune microenvironment may be required in diagnostic routine in the near future. Immunopathologic research by pathologists, who can form a bridge between clinicians and basic researchers, might lead to the development of better approaches for the understanding and treatment of cancer.
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The treatment of non-small cell lung cancer (NSCLC) with immune checkpoint inhibitors (ICIs) has been proven to induce lasting tumor remission. Screening suitable populations for immunotherapy through predictive markers is an important approach to improving the clinical benefits of patients. Evidence has shown that there may be a close connection between NOTCH signaling and the tumor microenvironment (TME). Hence, we explored the impact of the mutation status of NOTCH signaling on the prognosis of NSCLC patients treated with immunotherapy with the aim to apply NSCLC immunotherapy to the greatest extent possible. We examined two clinical cohorts of NSCLC patients receiving ICIs (MSKCC and NG cohorts). The mutation and prognostic data of the ICI-treated cohort were used to evaluate the association between the mutation status of NOTCH signaling and prognosis following immunotherapy. The expression and mutation data of The Cancer Genome Atlas (TCGA)-NSCLC cohort were used to analyze the differences in the immune microenvironment under different NOTCH signaling mutation states. In the ICI-treated cohorts, the univariate and multivariate Cox regression analyses indicated that high-mutated NOTCH signaling could serve as an independent predictor of NSCLC patients receiving ICIs. Patients with high-mutated NOTCH signaling had significantly improved progression-free survival (PFS) (P = 0.03, HR = 0.69; MSKCC cohort) and prolonged overall survival (OS) (P = 0.004, HR = 0.34; NG cohort). Additionally, high-mutated NOTCH signaling was related to the inflammatory immune microenvironment, inflammatory expression profile, and enhanced immunogenicity. According to this study, high-mutated NOTCH signaling may serve as a biomarker for the prediction of the prognosis of NSCLC patients treated with ICIs. A series of prospective clinical studies and molecular mechanism explorations are still needed in the future.
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Introduction

Currently, lung cancer is a common malignant tumor worldwide, and its incidence is increasing yearly, resulting in approximately 25% of cancer-related deaths (1). Among lung cancer patients, approximately 85% have non-small cell lung cancer (NSCLC), and most patients are at the advanced stage at diagnosis (2). Immune checkpoint inhibitors (ICIs) have achieved many benefits in multiple cancer types. In advanced NSCLC, programmed cell death 1 (PD-1)/programmed cell death ligand 1 (PD-L1) have the most application prospects (3, 4). ICIs can significantly improve the survival of cancer patients, with a 5-year survival rate of approximately 15%-50% (5–8). However, in the unselected population, only a small number of patients can benefit from ICIs (4, 9). Therefore, the identification of suitable markers of efficacy has become an important part of immunotherapy.

Studies have shown that PD-L1 and PD-L2 expression, the tumor mutational burden (TMB), tumor infiltrating lymphocytes (TILs), proinflammatory factors and gene mutations are related to the immune efficacy of NSCLC (9, 10). However, growing evidence has shown that PD-L1 expression, the TMB, and microsatellite instability-high (MSI-H) still cannot accurately screen most patients with NSCLC (11–14). For example, in some studies, no correlation between PD-L1 expression and the response to ICIs or overall survival (OS) was found (15). Possible potential reasons for this result include the different detection methods used, PD-L1 expression times, the use of nonstandardized criteria to assess the positive rate, and cutoffs. Chowell et al. discovered that some patients with a low TMB could also respond to immunotherapy and that patients with a high TMB may not show good immunotherapy efficacy (16). Therefore, screening predictive biomarkers has become an urgent challenge in clinical applications.

Recently, mutations in specific pathways have been used as predictive markers for immunotherapy in many cancer patients (17, 18). It has been confirmed that NOTCH signaling is closely associated with the tumor microenvironment (TME) as it regulates tumor angiogenesis and immune cell infiltration and maintains tumor cell stemness. For example, NOTCH signaling plays an important role in activating cytotoxic T cells (CTLs), promoting the maturation of naive CD8+ T cells and expressing granzyme B and IFN-γ (19). Additionally, NOTCH signaling can increase the phenotype of proinflammatory macrophages (M1), and the antigen presentation activity of macrophages lacking NOTCH signaling is reduced (20). Moreover, NOTCH signaling mediates the secretion of many molecules (such as IL-6, IL-10, TGF-β, CCL2 and CXCL12) and affects the functions of cells in the TME (21–23). Wang et al. found that mutations in the NOTCH signaling pathway are associated with a satisfactory immunotherapy prognosis in patients with colorectal cancer (CRC). Additionally, mutations in the NOTCH signaling pathway are associated with high expression levels of PDCD1, CTLA4 and CD274 in CRC (24). Hence, we aimed to explore the impact of the mutation status of NOTCH signaling on the prognosis of NSCLC patients treated with ICIs to ultimately better apply NSCLC immunotherapy to the greatest extent possible.



Methods


Clinical Samples

We downloaded data from an ICI-treated cohort (25) including 240 NSCLC patients treated with ICIs from cBioPortal to explore the relationship between the mutation status of NOTCH signaling and the prognosis of NSCLC patients receiving ICIs. Another ICI-treated cohort (Miao et al.) was used as a validation set in this analysis (26). The RNA sequencing and whole-exome sequencing (WES) data of The Cancer Genome Atlas-Lung Adenocarcinoma (TCGA-LUAD) and TCGA-Lung Squamous Cell Carcinoma (LUSC) cohorts were collected from the TCGA database (27). We collected 35 formalin-fixed paraffin-embedded (FFPE) NSCLC samples from the Sichuan Provincial People’s Hospital, University of Electronic Science and Technology of China and performed panel-sequencing. The NSCLC tumor samples, data sequencing and processing are described in detail in the Supplementary Methods.



Data Preprocessing

Using the mutation data, we a conducted follow-up analysis of only the nonsynonymous mutation data. The NOTCH signaling gene set was derived from the Molecular Signatures Database (MSigDB) (28). In each sample, we calculated the number of nonsynonymous mutations in NOTCH signaling. According to the median number of nonsynonymous mutations in the NOTCH signaling in each cohort, the patients were classified according to their NOTCH signaling mutation status and divided into the high-mutated and low-mutated NOTCH groups. After defining the sample groupings, we estimated the tumor mutational burden (TMB) of each patient based on the reported literature (29). We also obtained information regarding the neoantigen load (NAL) and immune scores from the published literature (30). The gene sets related to DNA damage repair were obtained from the MsigDB (28). We also evaluated the number of nonsynonymous mutations in the DNA damage response (DDR) pathway.



Immune Infiltration Algorithm

The CIBERSORT algorithm was applied to evaluate the abundance of 22 immune cell types in the TME of NSCLC (31). The genes related to immune checkpoints and immunity were derived from previous research reports (30). A gene set enrichment analysis (GSEA) was used to analyze and compare the differences in the activities of pathophysiological pathways, such as those derived from Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG) and REACTOME, between the high-mutated and low-mutated NOTCH groups (32).



Statistical Analysis

Univariate and multivariate Cox regression models were used to analyze the effect of the high- and low-mutated NOTCH statuses on the clinical prognosis of NSCLC patients treated with ICIs. The hazard ratio (HR) and 95% confidence interval (CI) were used to evaluate the models. We used a Mann-Whitney U test to compare the differences in the continuous variables between the high-mutated NOTCH group and low-mutated NOTCH group. We used Fisher’s exact test to compare the differences in the categorical variables between the high-mutated NOTCH group and low-mutated NOTCH group. Kaplan-Meier (KM) survival curves were drawn to evaluate the relationships between the NOTCH signaling mutation status and the OS and progression-free survival (PFS) of NSCLC patients receiving ICIs, and the log-rank P-value was used to evaluate the significant differences. In this study, a P-value less than 0.05 was considered statistically significant, and all analyses were performed in R software.




Results


High-Mutated NOTCH Signaling Can Be Used as an Independent Predictor of the Prognosis of Immunotherapy in NSCLC Patients

To analyze the relationships between the high- and low-mutated NOTCH statuses and the clinical prognosis of NSCLC patients receiving ICIs, we constructed univariate and multivariate Cox regression models and included other clinical characteristic variables. In the MSKCC cohort, we found that common clinical characteristics, such as sex, histological classification and age, were not related to the prognosis of NSCLC patients after immunotherapy. However, high-mutated NOTCH signaling was related to a good prognosis of immunotherapy in NSCLC patients and could be used as an independent prognostic factor of immunotherapy (Figure 1A). To explore the versatility of this marker, we investigated another cohort of NSCLC patients receiving immunotherapy. Similarly, univariate and multivariate Cox regression models were applied to this validation set. The common clinical features could not predict the prognosis of NSCLC patients receiving ICIs, and high-mutated NOTCH signaling could be used as an independent predictor of immunotherapy in NSCLC patients in the NG cohort (Figure 1A). In the MSKCC cohort, the KM survival curve showed that the patients with high numbers of mutations in NOTCH signaling (n ​= 59) had significantly better PFS than the patients with low numbers of mutations in NOTCH signaling (P = 0.03, HR = 0.69, 95% CI: 0.51-0.94; Figure 1B). In the NG cohort, the KM survival curve showed that the patients with high numbers of mutations in NOTCH signaling (n ​= 14) had significantly prolonged OS (P = 0.004, HR = 0.34, 95% CI: 0.18-0.66; Figure 1C). However, we did not observe a significant association between the NOTCH mutation status and PFS in the NG cohort (Figure 1D). The univariable Cox analyses of these hallmark pathways related to well-defined biological states or processes showed no significance in the univariable-cox analyses (Figure S1).




Figure 1 | Predictive value of clinical characteristics and the NOTCH signaling mutation status on ICI efficacy. (A) Forest plot of the results of the univariate and multivariate Cox regression analyses of the MSKCC and NG cohorts. The main portion of the forest plot presents the hazard ratio (HR) and 95% confidence interval (95% CI), where the red dots indicate p < 0.05. The HR indicates the predictors of favorable (HR < 1) or poor (HR > 1) outcomes. (B) KM survival curves of PFS in 240 NSCLC patients from the MSKCC cohort. (C) KM survival curves of OS in 57 NSCLC patients from the NG cohort. (D) KM survival curves of PFS in 57 NSCLC patients from the NG cohort.





Genetic Panorama and Clinical Characteristics of NSCLC Patients With Different NOTCH Signaling Mutation Statuses

To compare the genomic differences in NSCLC patients with different NOTCH mutation statuses, we visualized and compared the mutation data between the MSKCC and TCGA cohorts. Among the top 20 mutated genes in the MSKCC cohort, only some genes (e.g., PTPRT (18.6% vs 7.7%, P < 0.05), FAT1 (16.9% vs 7.7%, P < 0.05), ARID1A (16.9% vs 7.2%, P < 0.05) and ATM (16.9% vs 5.0%, P < 0.05); Figure 2A) exhibited higher mutation frequencies in the high-mutated NOTCH group than in the low-mutated NOTCH group. Regarding most oncogenes and tumor suppressor genes (TSGs), there was no significant difference between the high-mutated and low-mutated NOTCH groups likely because only targeted sequencing was used in the MSKCC cohort. In the TCGA-NSCLC cohort, the high-mutated NOTCH group had a significantly higher mutation frequency in each of the top 20 mutated genes than the low-mutated NOTCH group (all P < 0.05; Figure 2B). The mutual exclusivity and cooccurrence analyses of the top 20 mutated genes are shown in Figure S2. The clinical characteristics, such as sex, race, stage and pack years, did not significantly differ between the high-mutated and low-mutated NOTCH groups. In the MSKCC cohort, we found that the efficacy of immunotherapy was higher in the high-mutated NOTCH group, and a larger proportion of patients in this group experienced durable clinical benefits (P < 0.01; Figure 3A). Regarding sex, the high-mutated NOTCH group had a higher proportion of males (P < 0.05; Figure 3B). The expression levels of important targets of ICIs, such as PD1 (PDCD1), PD-L1 (CD274), LAG3, B7-H3 (CD276), and PDCD1LG2, in the high-mutated NOTCH group were significantly higher than those in the low-mutated NOTCH group (Figure 3C). In the Local cohort, the level of PD-L1 in the high-mutated group was significantly higher than that in the low-mutated NOTCH group (Figure 3D, P < 0.05). Moreover, the typical IHC of the high-mutated and low-mutated groups is shown in Figure 3E. The MANTIS score was used as a signature to evaluate the MSI status. Studies have shown that the MANTIS score is related to the MSI-H status. In the TCGA-NSCLC cohort, the high-mutated NOTCH group had a significantly higher MANTIS score than the low-mutated NOTCH group (P < 0.05; Figure 3F).




Figure 2 | Genomic profiles of the NSCLC patients in the MSKCC (A) and TCGA (B) cohorts. The top 20 genes with the highest mutation frequencies and the corresponding clinical information are shown in the figure. The top five genes with the highest mutation frequencies in the MSKCC cohort were TP53, KRAS, KEAP1, STK11 and PTPRD. The top five genes with the highest mutation frequencies in the TCGA cohort were TP53, TTN, MUC16, CSMD3 and RYR2. The mutation types are indicated as follows: yellow indicates splice sites, blue indicates missense mutations, orange indicates frameshift mutations, green indicates inframe insertions/deletions, and brown indicates nonsense mutations. The clinical characteristics are shown as patient annotations. (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Mann-Whitney U test).






Figure 3 | (A). Bar plot showing the proportion of patients in the MSKCC cohort who experienced durable clinical benefits. (B) Bar plot showing the proportion of patients in the MSKCC cohort according to sex. The range of p-values is presented by the asterisks above the bar plot (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Fisher’s exact test). (C) Box plots comparing the expression levels of immune checkpoint molecules between the high-mutated and low-mutated NOTCH groups. The range of p-values is presented by the asterisks above each box plot (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Mann-Whitney U test). (D) Box plots comparing the expression levels of PD-L1 (TPS) between the high-mutated and low-mutated NOTCH groups in the Local cohort (****P < 0.0001; Mann-Whitney U test). (E) Typical cases of the PD-L1 (TPS) level in the high- (2 samples) and low-mutated (2 samples) groups in the Local cohort. (F). Violin plots showing the MANTIS score. The range of p-values is presented by the asterisks above the violin plot (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Mann-Whitney U test). TPS, tumor proportion score; NSCLC, non-small cell lung cancer; TCGA, The Cancer Genome Atlas; PD-L1, programmed cell death-ligand 1. NS, not significant.





High-Mutated NOTCH Signaling Is Associated With Enhanced Immunogenicity

High immunogenicity is easily recognized by TILs in the TME. First, we compared the differences in the numbers of mutated genes in the DDR pathway between the high-mutated and low-mutated NOTCH groups. Regardless of whether the patients received immunotherapy (MSKCC cohort and/or NG cohort) or traditional therapy (TCGA cohort), the number of mutated DDR genes in the high-mutated NOTCH group was significantly higher than that in the low-mutated NOTCH group (Figure 4A). In the MSKCC, NG, TCGA and Local cohorts, the high-mutated NOTCH group had a higher TMB than the low-mutated NOTCH group (all P < 0.05; Figure 4B).




Figure 4 | (A). Comparison of DNA damage-related gene set alterations between the high-mutated and low-mutated NOTCH groups in the MSKCC, NG and TCGA-NSCLC cohorts. (B) Comparison of the TMB between the high-mutated and low-mutated NOTCH groups in the MSKCC, NG, TCGA-NSCLC and Local cohorts. (C) Comparison of NAL between the high-mutated and low-mutated NOTCH groups in the TCGA-NSCLC cohort. (D) Comparison of the number of homologous recombination defects between the high-mutated and low-mutated NOTCH groups in the TCGA-NSCLC cohort. NSCLC, non-small cell lung cancer; TCGA, The Cancer Genome Atlas; TMB, tumor mutational burden; NAL, neoantigen load; FA, Fanconi anemia; HR, homologous recombination; NHEJ, nonhomologous end joining; BER, base excision repair; MMR, mismatch repair; NER, nucleotide excision repair; DSB, double-strand break; SSB, single-strand break. (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Mann-Whitney U test). NS, not significant.



We also found that the NAL and homologous recombination defect scores in the high-mutated NOTCH group were significantly higher than those in the low-mutated NOTCH group (P < 0.05; Figures 4C, D).



High-Mutated NOTCH Signaling Is Associated With an Inflammatory TME

As some of the most important components of the TME, TILs play a vital role in ICI treatment. The CIBERSORT algorithm was applied to estimate the abundance of immune cells in NSCLC. In the TCGA-NSCLC cohort, the proportions of various activated immune cells, such as M0 macrophages, M1 macrophages, activated memory CD4+ T cells and CD8+ T cells, in the high-mutated NOTCH group were significantly higher than those in the low-mutated NOTCH group (all P < 0.05; Figure 5A). However, the contents of some resting/suppressive immune cells, such as M2 macrophages, quiescent mast cells and resting memory CD4+ T cells, in the low-mutated NOTCH group were significantly higher than those in the high-mutated NOTCH group. Moreover, Figure 5B shows that the proportions of activated immune cells, such as M0 macrophages, M1 macrophages, activated memory CD4+ T cells and CD8+ T cells, were significantly positively correlated with the number of mutations in NOTCH signaling (R > 0; P < 0.05). In contrast, a higher proportion of M2 macrophages and/or quiescent mast cells was associated with a lower number of NOTCH signaling mutations (R < 0, P < 0.05; Figure 5B). Additionally, we found that the expression levels of some immune-related genes, such as antigen processing and presentation-related genes, cytotoxicity (CYT)-related genes, and inflammatory-related genes, in the high-mutated NOTCH group were significantly higher than those in the low-mutated NOTCH group (log fold change > 0; P < 0.05, Figures 5C, D). A GSEA was used to evaluate the pathways that were significantly enriched or downregulated in the high-mutated NOTCH group. The activities of immune-related pathways, such as positive regulation of T cell-mediated cytotoxicity, natural killer (NK) cell-mediated immune response, antigen processing and presentation, and IL-12 pathways, were significantly enriched in the high-mutated NOTCH group (ES > 0, P < 0.05; Figure 6A). In contrast, some immune depletion-related signaling pathways, such as fatty acid metabolism-related pathways, were significantly enriched in the low-mutated NOTCH group (ES < 0, P < 0.05; Figure 6B).




Figure 5 | (A) Comparison of the proportions of immune cells estimated by the CIBERSORT method between the high-mutated and low-mutated NOTCH groups in the TCGA-NSCLC cohort. (B) Correlations between the number of NOTCH signaling mutations and the proportions of each immune cell type. (C) Comparison of the Th2 signature between the high-mutated and low-mutated NOTCH groups in the TCGA-NSCLC cohort. (D) Comparison of the expression levels of immune-related genes between the high-mutated and low-mutated NOTCH groups in the TCGA-NSCLC cohort. (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; Mann-Whitney U test). NS, not significant.






Figure 6 | Results of the gene set enrichment analysis (GSEA). (A) The immune cell pathways were significantly enriched in the high-mutated NOTCH group. (B) The exhausted immunological pathways were significantly downregulated in the high-mutated NOTCH group. The following subgroups served as control groups: low-mutated NOTCH. Enrichment score (ES) > 0 indicates that the corresponding pathways were significantly enriched in the experimental groups. The colors of the curves correspond to the font colors of the pathway names.






Discussion

The use of ICIs for the treatment of NSCLC has been proven to induce long-lasting tumor remission. ICIs can significantly improve the survival status of some NSCLC patients. However, in the unselected treatment population, only a small number of patients can benefit from ICIs. In this study, we found that the NSCLC patients in the high-mutated NOTCH group had a better immunotherapy prognosis than those in the low-mutated NOTCH group. The TME plays a key role in immunotherapy; thus, we explored the potential mechanism by which high-mutated NOTCH signaling improved immunotherapy efficacy from the perspective of the TME. We found that high-mutated NOTCH signaling was associated with significantly increased immunogenicity, activated TILs, upregulated immune checkpoint molecules, and proinflammatory factors. The above results suggest that a high-mutated NOTCH signaling pathway mutation status may be a potential predictive marker for NSCLC patients receiving ICIs.

The inflammatory TME in patients with high-mutated NOTCH signaling may a reason for the better prognosis after receiving ICIs (10, 33, 34). TILs, especially CD4+ and CD8+ T cells and their immunoregulatory cytokines, play a role in adaptive immunity. CD8+ T cells produce IFN-γ, TNF and granzyme B by binding T cell receptors to target tumor cells, leading to tumor cell clearance (17). Studies have suggested that a favorable immunotherapy prognosis in multiple cancer types is related to a high proportion of TILs (35–37). Additionally, chemokines, such as CXCL9/CXCL10, can recruit more CD8+ T cells and NK cells and further mediate the antitumor effects of TILs (38). IFN-γ can not only recruit immune cells to initiate antitumor proliferation and cause tumor apoptosis but also mediate CD8+ T cells to promote ferroptosis in tumor cells (39). NOTCH signaling is critical for the regulation of CTL activation. The activation of naive CD8+ cells requires the combination of Dll1 and NOTCH 1 or NOTCH 2 to express granzyme B and IFN-γ (19). Tumor-associated macrophages (TAMs) can be divided into classically activated macrophages (M1 type) and alternatively activated macrophages (M2 type) according to their cell phenotype. M1 type macrophages mainly secrete and release proinflammatory cytokines, effector molecules and chemokines to kill bacteria, exert antitumor effects, and activate the immune response; M2 type macrophages secrete IL-4/10 and other anti-inflammatory response factors, mediate the secretion of vascular endothelial growth factor (VEGF) and matrix metalloproteinases (MMPs), promote angiogenesis, lymphangiogenesis, tissue reconstruction and damage repair, and suppress immune responses through Th2 cell responses, contributing to the development and metastasis of tumors (10). NOTCH signaling increases the phenotypic polarization of proinflammatory macrophages (M1) (20).

In addition to the immune microenvironment, high inflammation-related expression profiles and high immunogenicity in patients with high-mutated NOTCH signaling may also become potential bases for immunotherapy (34, 40, 41). Jiang et al. used the weighted expression of CD8A, CD8B, GZMA, GZMB, and PRF1 to evaluate the levels of CYT. Moreover, these authors found that a higher CYT score was associated with a better immunotherapy prognosis (40). Growing evidence has confirmed the relationship between tumor immunogenicity, such as the TMB, and the efficacy of ICIs (42–44). It is generally believed that tumors with more mutations may produce more new epitopes that can be recognized by TILs. Studies have also shown that a high NAL is related to the long-term clinical benefits of ICIs in NSCLC patients (44). Mutations in DDR pathway genes play an important role in mediating genomic variation, heterogeneity and instability in tumors (45). Gene mutations in the DDR pathway weaken the ability to repair DNA damage, leading to the accumulation of DNA damage, and are related to the efficacy of PD-1/PD-L1 inhibitors (17, 18). Tumor immunogenicity is also affected by components of the TME, such as professional antigen-presenting cells (pAPCs) (46). MHC-II molecules are expressed mainly by pAPCs, such as dendritic cells (DCs), B cells and macrophages, and present mainly foreign-derived peptide antigens to CD4+ T cells. The expression of tumor-specific MHC-II molecules is related to a good response to ICI treatment (47). As among the most important molecules on the surface of APCs, TAP1 and MICB also play important roles in antigen presentation and processing (30). Consistent with previous studies (48, 49), we also found that patients with highly mutant NOTCH signaling have high expression levels of immune checkpoint molecules, such as PD1 (PDCD1), PD-L1 (CD274), LAG3, B7-H3 (CD276) and PDCD1LG2. Studies have indicated that MHC is associated with the anti-tumor ability of ICIs and may serve as a biomarker of the response to immunotherapy (16, 50, 51). Goodman et al. evaluated the ability of MHC to present NALs using the Patient Harmonic-mean Best Rank (PHBR) scores and found that the poor presentation of NALs by MHC may explain why some tumors did not respond to ICB and were associated with a low TMB (52). In our study, we found that high-mutated NOTCH signaling was associated with a high expression of MHC-related genes. We hypothesized that when high-mutated NOTCH signaling was accompanied by the more efficient presentation of NALs, there was an opportunity for MHC to present NALs, which was critical for the ICIs’ efficacy and response. Additional studies are required to better understand the ability of the combination of NOTCH signaling and the MHC status in the prediction of the response to ICIs among NSCLC patients. Therefore, high immunogenicity (a high TMB, a high NAL, numerous DDR pathway mutations and high levels of antigen presentation-related gene expression) may explain the satisfactory prognosis of patients with high-mutated NOTCH signaling after receiving ICIs.

This study analyzed the prognosis of NSCLC patients treated with ICIs and the mutation status of NOTCH signaling to determine whether high-mutated NOTCH signaling is a possible mechanism for screening the predominant population of NSCLC patients receiving ICIs. However, there are still some limitations. First, targeted sequencing (MSK-IMPACT) was used in the MSKCC cohort to detect somatic mutations, and targeted sequencing provides fewer gene mutations than WES; second, the ICI-treated cohort lacked transcriptomics, copy number variation (CNV), and proteomics data; therefore, the association between high-mutated NOTCH signaling and the prognosis of NSCLC patients treated with ICIs could not be further explored; third, in future research, molecular and animal experiments are needed to further verify our results. Therefore, more studies involving larger samples and diverse ethnic groups are still needed for subsequent analysis and verification.



Conclusion

According to this study, high-mutated NOTCH signaling may serve as a biomarker for the prediction of the prognosis of NSCLC patients treated with ICIs. In addition to the improved clinical prognosis after ICIs, the patients in the high-mutated NOTCH group had higher immunogenicity, higher proportions of activated immune cells and proinflammatory factors and a higher molecular expression profile related to antigen presentation than the patients in the low-mutated NOTCH group. A series of prospective clinical studies and molecular mechanism explorations are still needed in the future.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.



Ethics Statement 

Ethical review and approval was not required for the study on human participants in accordance with the local legislation and institutional requirements. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements. Written informed consent was not obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author Contributions

Conceptualization, GF, SH and YFB; Formal analysis, YTW, XHL and XBL; Visualization, YTW, XHL and XBL; Writing - original draft, YTW, XHL and XBL; Writing - review & editing, YTW, XHL, XBL, GF, SH and YFB. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by grants from the Key research and development project of science and technology department of Sichuan province (2021YFS0128).



Acknowledgments

Special thanks to the English language polishing contributions from TopScience Editing.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.638763/full#supplementary-material

Supplementary Figure 1 | The univariable Cox analysis including hallmark gene sets from MsigDB.

Supplementary Figure 2 | Results of the cooccurrence/mutual exclusivity analysis of the top 20 mutated genes in the MSKCC (A) and TCGA-NSCLC (B) cohorts.



References

1. Siegel, RL, Miller, KD, and Jemal, A. Cancer Statistics, 2020. CA Cancer J Clin (2020) 70:7–30. doi: 10.3322/caac.21590

2. Chen, Z, Fillmore, CM, Hammerman, PS, Kim, CF, and Wong, K-K. Non-Small-Cell Lung Cancers: A Heterogeneous Set of Diseases. Nat Rev Cancer (2014) 14:535–46. doi: 10.1038/nrc3775

3. Kazandjian, D, Suzman, DL, Blumenthal, G, Mushti, S, He, K, Libeg, M, et al. FDA Approval Summary: Nivolumab for the Treatment of Metastatic non-Small Cell Lung Cancer With Progression on or After Platinum-Based Chemotherapy. Oncologist (2016) 21:634–42. doi: 10.1634/theoncologist.2015-0507

4. Ettinger, DS, Wood, DE, Aggarwal, C, Aisner, DL, Akerley, W, Bauman, JR, et al. NCCN Guidelines Insights: Non-Small Cell Lung Cancer, Version 1.2020. J Natl Compr Canc Netw (2019) 17:1464–72. doi: 10.6004/jnccn.2019.0059

5. Reck, M, Rodríguez-Abreu, D, Robinson, AG, Hui, R, Csőszi, T, Fülöp, A, et al. Updated Analysis of KEYNOTE-024: Pembrolizumab Versus Platinum-Based Chemotherapy for Advanced Non-Small-Cell Lung Cancer With PD-L1 Tumor Proportion Score of 50% or Greater. J Clin Oncol Off J Am Soc Clin Oncol (2019) 37:537–46. doi: 10.1200/JCO.18.00149

6. Ramalingam, SS, Vansteenkiste, J, Planchard, D, Cho, BC, Gray, JE, Ohe, Y, et al. Overall Survival With Osimertinib in Untreated. N Engl J Med (2020) 382:41–50. doi: 10.1056/NEJMoa1913662

7. Garon, EB, Hellmann, MD, Rizvi, NA, Carcereny, E, Leighl, NB, Ahn, M-J, et al. Five-Year Overall Survival for Patients With Advanced Non‒Small-Cell Lung Cancer Treated With Pembrolizumab: Results From the Phase I KEYNOTE-001 Study. J Clin Oncol Off J Am Soc Clin Oncol (2019) 37:2518–27. doi: 10.1200/JCO.19.00934

8. Leighl, NB, Hellmann, MD, Hui, R, Carcereny, E, Felip, E, Ahn, M-J, et al. Pembrolizumab in Patients With Advanced Non-Small-Cell Lung Cancer (KEYNOTE-001): 3-Year Results From an Open-Label, Phase 1 Study. Lancet Respir Med (2019) 7:347–57. doi: 10.1016/S2213-2600(18)30500-9

9. Zhang, J, Zhou, N, Lin, A, Luo, P, Chen, X, Deng, H, et al. ZFHX3 Mutation As A Protective Biomarker For Immune Checkpoint Blockade In Non-small Cell Lung Cancer. Cancer Immunol Immunother (2020) 70(1):137–51. doi: 10.1007/s00262-020-02668-8

10. Lin, A, Wei, T, Meng, H, Luo, P, and Zhang, J. Role of the Dynamic Tumor Microenvironment in Controversies Regarding Immune Checkpoint Inhibitors for the Treatment of non-Small Cell Lung Cancer (NSCLC) With EGFR Mutations. Mol Cancer (2019) 18:139. doi: 10.1186/s12943-019-1062-7

11. Herbst, RS, Baas, P, Kim, D-W, Felip, E, Pérez-Gracia, JL, Han, J-Y, et al. Pembrolizumab Versus Docetaxel for Previously Treated, PD-L1-Positive, Advanced non-Small-Cell Lung Cancer (KEYNOTE-010): A Randomised Controlled Trial. Lancet (London England) (2016) 387:1540–50. doi: 10.1016/S0140-6736(15)01281-7

12. Hellmann, MD, Ciuleanu, T-E, Pluzanski, A, Lee, JS, Otterson, GA, Audigier-Valette, C, et al. Nivolumab Plus Ipilimumab in Lung Cancer With a High Tumor Mutational Burden. N Engl J Med (2018) 378:2093–104. doi: 10.1056/NEJMoa1801946

13. Warth, A, Körner, S, Penzel, R, Muley, T, Dienemann, H, Schirmacher, P, et al. Microsatellite Instability in Pulmonary Adenocarcinomas: A Comprehensive Study of 480 Cases. Virchows Arch (2016) 468:313–9. doi: 10.1007/s00428-015-1892-7

14. Vanderwalde, A, Spetzler, D, Xiao, N, Gatalica, Z, and Marshall, J. Microsatellite Instability Status Determined by Next-Generation Sequencing and Compared With PD-L1 and Tumor Mutational Burden in 11,348 Patients. Cancer Med (2018) 7:746–56. doi: 10.1002/cam4.1372

15. Langer, CJ, Gadgeel, SM, Borghaei, H, Papadimitrakopoulou, VA, Patnaik, A, Powell, SF, et al. Carboplatin and Pemetrexed With or Without Pembrolizumab for Advanced, non-Squamous Non-Small-Cell Lung Cancer: A Randomised, Phase 2 Cohort of the Open-Label KEYNOTE-021 Study. Lancet Oncol (2016) 17:1497–508. doi: 10.1016/S1470-2045(16)30498-3

16. Chowell, D, Morris, LGT, Grigg, CM, Weber, JK, Samstein, RM, Makarov, V, et al. Patient HLA Class I Genotype Influences Cancer Response to Checkpoint Blockade Immunotherapy. Science (2018) 359:582–7. doi: 10.1126/science.aao4572

17. Wang, Z, Zhao, J, Wang, G, Zhang, F, Zhang, Z, Zhang, F, et al. Comutations in DNA Damage Response Pathways Serve as Potential Biomarkers for Immune Checkpoint Blockade. Cancer Res (2018) 78:6486–96. doi: 10.1158/0008-5472.CAN-18-1814

18. Teo, MY, Seier, K, Ostrovnaya, I, Regazzi, AM, Kania, BE, Moran, MM, et al. Alterations in DNA Damage Response and Repair Genes as Potential Marker of Clinical Benefit From PD-1/PD-L1 Blockade in Advanced Urothelial Cancers. J Clin Oncol Off J Am Soc Clin Oncol (2018) 36:1685–94. doi: 10.1200/JCO.2017.75.7740

19. Cho, OH, Shin, HM, Miele, L, Golde, TE, Fauq, A, Minter, LM, et al. Notch Regulates Cytolytic Effector Function in CD8+ T Cells. J Immunol (2009) 182:3380–9. doi: 10.4049/jimmunol.0802598

20. Wang, Y-C, He, F, Feng, F, Liu, X-W, Dong, G-Y, Qin, H-Y, et al. Notch Signaling Determines the M1 Versus M2 Polarization of Macrophages in Antitumor Immune Responses. Cancer Res (2010) 70:4840–9. doi: 10.1158/0008-5472.CAN-10-0269

21. Rutz, S, Janke, M, Kassner, N, Hohnstein, T, Krueger, M, and Scheffold, A. Notch Regulates IL-10 Production by T Helper 1 Cells. Proc Natl Acad Sci USA (2008) 105:3497–502. doi: 10.1073/pnas.0712102105

22. Asano, N, Watanabe, T, Kitani, A, Fuss, IJ, and Strober, W. Notch1 Signaling and Regulatory T Cell Function. J Immunol (2008) 180:2796–804. doi: 10.4049/jimmunol.180.5.2796

23. Shen, Q, Cohen, B, Zheng, W, Rahbar, R, Martin, B, Murakami, K, et al. Notch Shapes the Innate Immunophenotype in Breast Cancer. Cancer Discov (2017) 7:1320–35. doi: 10.1158/2159-8290.CD-17-0037

24. Wang, F, Long, J, Li, L, Zhao, Z-B, Wei, F, Yao, Y, et al. Mutations in the Notch Signalling Pathway are Associated With Enhanced Anti-Tumour Immunity in Colorectal Cancer. J Cell Mol Med (2020) 24:12176–87. doi: 10.1111/jcmm.15867

25. Rizvi, H, Sanchez-Vega, F, La, K, Chatila, W, Jonsson, P, Halpenny, D, et al. Molecular Determinants of Response to Anti-Programmed Cell Death (PD)-1 and Anti-Programmed Death-Ligand 1 (PD-L1) Blockade in Patients With non-Small-Cell Lung Cancer Profiled With Targeted Next-Generation Sequencing. J Clin Oncol Off J Am Soc Clin Oncol (2018) 36:633–41. doi: 10.1200/JCO.2017.75.3384

26. Miao, D, Margolis, CA, Vokes, NI, Liu, D, Taylor-Weiner, A, Wankowicz, SM, et al. Genomic Correlates of Response to Immune Checkpoint Blockade in Microsatellite-Stable Solid Tumors. Nat Genet (2018) 50:1271–81. doi: 10.1038/s41588-018-0200-2

27. Tomczak, K, Czerwińska, P, and Wiznerowicz, M. The Cancer Genome Atlas (TCGA): An Immeasurable Source of Knowledge. Contemp Oncol (Poznan Poland) (2015) 19:A68–77. doi: 10.5114/wo.2014.47136

28. Liberzon, A, Subramanian, A, Pinchback, R, Thorvaldsdóttir, H, Tamayo, P, and Mesirov, JP. Molecular Signatures Database (MSigDB) 3.0. Bioinformatics (2011) 27:1739–40. doi: 10.1093/bioinformatics/btr260

29. Chalmers, ZR, Connelly, CF, Fabrizio, D, Gay, L, Ali, SM, Ennis, R, et al. Analysis of 100,000 Human Cancer Genomes Reveals the Landscape of Tumor Mutational Burden. Genome Med (2017) 9:34. doi: 10.1186/s13073-017-0424-2

30. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, T-H, et al. The Immune Landscape of Cancer. Immunity (2018) 48:812–30. doi: 10.1016/j.immuni.2018.03.023

31. 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

32. Subramanian, A, Kuehn, H, Gould, J, Tamayo, P, and Mesirov, JP. GSEA-P: A Desktop Application for Gene Set Enrichment Analysis. Bioinformatics (2007) 23:3251–3. doi: 10.1093/bioinformatics/btm369

33. Huang, W, Lin, A, Luo, P, Liu, Y, Xu, W, Zhu, W, et al. EPHA5 Mutation Predicts The Durable Clinical Benefit Of Immune Checkpoint Inhibitors In Patients With Lung Adenocarcinoma. Cancer Gene Ther (2020). doi: 10.1038/s41417-020-0207-6

34. Lin, A, Zhang, J, and Luo, P. Crosstalk Between the MSI Status and Tumor Microenvironment in Colorectal Cancer. Front Immunol (2020) 11:2039. doi: 10.3389/fimmu.2020.02039

35. Cheng, W, Fu, D, Xu, F, and Zhang, Z. Unwrapping the Genomic Characteristics of Urothelial Bladder Cancer and Successes With Immune Checkpoint Blockade Therapy. Oncogenesis (2018) 7:2. doi: 10.1038/s41389-017-0013-7

36. Rosenberg, JE, Hoffman-Censits, J, Powles, T, van der Heijden, MS, Balar, AV, Necchi, A, et al. Atezolizumab in Patients With Locally Advanced and Metastatic Urothelial Carcinoma Who Have Progressed Following Treatment With Platinum-Based Chemotherapy: A Single-Arm, Multicentre, Phase 2 Trial. Lancet (London England) (2016) 387:1909–20. doi: 10.1016/S0140-6736(16)00561-4

37. Balar, AV, Galsky, MD, Rosenberg, JE, Powles, T, Petrylak, DP, Bellmunt, J, et al. Atezolizumab as First-Line Treatment in Cisplatin-Ineligible Patients With Locally Advanced and Metastatic Urothelial Carcinoma: A Single-Arm, Multicentre, Phase 2 Trial. Lancet (London England) (2017) 389:67–76. doi: 10.1016/S0140-6736(16)32455-2

38. Fritzell, S, Eberstål, S, Sandén, E, Visse, E, Darabi, A, and Siesjö, P. IFNγ in Combination With IL-7 Enhances Immunotherapy in Two Rat Glioma Models. J Neuroimmunol (2013) 258:91–5. doi: 10.1016/j.jneuroim.2013.02.017

39. Stockwell, BR. Jiang X. A Physiological Function for Ferroptosis in Tumor Suppression by the Immune System. Cell Metab (2019) 30:14–5. doi: 10.1016/j.cmet.2019.06.012

40. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T Cell Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat Med (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

41. Wang, S, He, Z, Wang, X, Li, H, and Liu, X-S. Antigen Presentation and Tumor Immunogenicity in Cancer Immunotherapy Response Prediction. Elife (2019) 8:e49020. doi: 10.7554/eLife.49020

42. Büttner, R, Longshore, JW, López-Ríos, F, Merkelbach-Bruse, S, Normanno, N, Rouleau, E, et al. Implementing TMB Measurement in Clinical Practice: Considerations on Assay Requirements. ESMO Open (2019) 4:e000442. doi: 10.1136/esmoopen-2018-000442

43. Wang, L, Yan, K, Zhou, J, Zhang, N, Wang, M, Song, J, et al. Relationship of Liver Cancer With LRP1B or TP53 Mutation and Tumor Mutation Burden and Survival. J Clin Oncol (2019) 37:1573. doi: 10.1200/JCO.2019.37.15_suppl.1573

44. Snyder, A, Makarov, V, Merghoub, T, Yuan, J, Zaretsky, JM, Desrichard, A, et al. Genetic Basis for Clinical Response to CTLA-4 Blockade in Melanoma. N Engl J Med (2014) 371:2189–99. doi: 10.1056/NEJMoa1406498

45. Luo, P, Lin, A, Li, K, Wei, T, and Zhang, J. DDR Pathway Alteration, Tumor Mutation Burden, and Cisplatin Sensitivity in Small Cell Lung Cancer: Difference Detected by Whole Exome and Targeted Gene Sequencing. J Thorac Oncol Off Publ Int Assoc Study Lung Cancer (2019) 14:e276–9. doi: 10.1016/j.jtho.2019.08.2509

46. Mellman, I, and Steinman, RM. Dendritic Cells: Specialized and Regulated Antigen Processing Machines. Cell (2001) 106:255–8. doi: 10.1016/s0092-8674(01)00449-4

47. Rodig, SJ, Gusenleitner, D, Jackson, DG, Gjini, E, Giobbie-Hurder, A, Jin, C, et al. MHC Proteins Confer Differential Sensitivity to CTLA-4 and PD-1 Blockade in Untreated Metastatic Melanoma. Sci Transl Med (2018) 10(450):eaar3342. doi: 10.1126/scitranslmed.aar3342

48. El-Khoueiry, AB, Sangro, B, Yau, T, Crocenzi, TS, Kudo, M, Hsu, C, et al. Nivolumab in Patients With Advanced Hepatocellular Carcinoma (Checkmate 040): An Open-Label, non-Comparative, Phase 1/2 Dose Escalation and Expansion Trial. Lancet (London England) (2017) 389:2492–502. doi: 10.1016/S0140-6736(17)31046-2

49. Powles, T, Eder, JP, Fine, GD, Braiteh, FS, Loriot, Y, Cruz, C, et al. MPDL3280A (Anti-PD-L1) Treatment Leads to Clinical Activity in Metastatic Bladder Cancer. Nature (2014) 515:558–62. doi: 10.1038/nature13904

50. Gubin, MM, Zhang, X, Schuster, H, Caron, E, Ward, JP, Noguchi, T, et al. Checkpoint Blockade Cancer Immunotherapy Targets Tumour-Specific Mutant Antigens. Nature (2014) 515:577–81. doi: 10.1038/nature13988

51. Tran, E, Ahmadzadeh, M, Lu, Y-C, Gros, A, Turcotte, S, Robbins, PF, et al. Immunogenicity of Somatic Mutations in Human Gastrointestinal Cancers. Science (2015) 350:1387–90. doi: 10.1126/science.aad1253

52. Goodman, AM, Castro, A, Pyke, RM, Okamura, R, Kato, S, Riviere, P, et al. MHC-I Genotype and Tumor Mutational Burden Predict Response to Immunotherapy. Genome Med (2020) 12:45. doi: 10.1186/s13073-020-00743-4#



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.

Copyright © 2021 Li, Wang, Li, Feng, Hu and Bai. 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: 15 July 2021

doi: 10.3389/fimmu.2021.690056

[image: image2]


Identification and Validation of Immune Molecular Subtypes in Pancreatic Ductal Adenocarcinoma: Implications for Prognosis and Immunotherapy


Ruiyu Li 1, Yangzhige He 2, Hui Zhang 1, Jing Wang 1, Xiaoding Liu 1, Hangqi Liu 1, Huanwen Wu 1* and Zhiyong Liang 1*


1 Department of Pathology, State Key Laboratory of Complex Severe and Rare Disease, Molecular Pathology Research Center, Peking Union Medical College Hospital, Chinese Academy of Medical Sciences & Peking Union Medical College, Beijing, China, 2 Department of Medical Research Center, State Key Laboratory of Complex Severe and Rare Diseases, Peking Union Medical College Hospital, Chinese Academy of Medical Science & Peking Union Medical College, Beijing, China




Edited by: 

Lucia Conti, National Institute of Health (ISS), Italy

Reviewed by: 

Yuli Lin, Fudan University, China

Maarten Fokke Bijlsma, Academic Medical Center, Netherlands

*Correspondence: 

Zhiyong Liang
 liangzhiyong1220@yahoo.com 

Huanwen Wu
 whw14093@163.com

Specialty section: 
 This article was submitted to Cancer Immunity and Immunotherapy, a section of the journal Frontiers in Immunology


Received: 02 April 2021

Accepted: 29 June 2021

Published: 15 July 2021

Citation:
Li R, He Y, Zhang H, Wang J, Liu X, Liu H, Wu H and Liang Z (2021) Identification and Validation of Immune Molecular Subtypes in Pancreatic Ductal Adenocarcinoma: Implications for Prognosis and Immunotherapy. Front. Immunol. 12:690056. doi: 10.3389/fimmu.2021.690056




Background

Pancreatic ductal adenocarcinoma (PDAC) remains treatment refractory. Immunotherapy has achieved success in the treatment of multiple malignancies. However, the efficacy of immunotherapy in PDAC is limited by a lack of promising biomarkers. In this research, we aimed to identify robust immune molecular subtypes of PDAC to facilitate prognosis prediction and patient selection for immunotherapy.



Methods

A training cohort of 149 PDAC samples from The Cancer Genome Atlas (TCGA) with mRNA expression data was analyzed. By means of non-negative matrix factorization (NMF), we virtually dissected the immune-related signals from bulk gene expression data. Detailed immunogenomic and survival analyses of the immune molecular subtypes were conducted to determine their biological and clinical relevance. Validation was performed in five independent datasets on a total of 615 samples.



Results

Approximately 31% of PDAC samples (46/149) had higher immune cell infiltration, more active immune cytolytic activity, higher activation of the interferon pathway, a higher tumor mutational burden (TMB), and fewer copy number alterations (CNAs) than the other samples (all P < 0.001). This new molecular subtype was named Immune Class, which served as an independent favorable prognostic factor for overall survival (hazard ratio, 0.56; 95% confidence interval, 0.33-0.97). Immune Class in cooperation with previously reported tumor and stroma classifications had a cumulative effect on PDAC prognostic stratification. Moreover, programmed cell death-1 (PD-1) inhibitors showed potential efficacy for Immune Class (P = 0.04). The robustness of our immune molecular subtypes was further verified in the validation cohort.



Conclusions

By capturing immune-related signals in the PDAC tumor microenvironment, we reveal a novel molecular subtype, Immune Class. Immune Class serves as an independent favorable prognostic factor for overall survival in PDAC patients.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a fatal disease with a 5-year overall survival rate of approximately 9% (1, 2). Surgical resection remains the only curative method, and evolving adjuvant chemotherapy regimens have shown limited efficacy in improving long-term outcomes (3). The emergence of immune checkpoint blockade therapies has shed light on the treatments of PDAC patients. However, according to recent clinical trials, only a minority of PDAC patients benefit from immunotherapy (4). Moreover, although various predictive biomarkers for immunotherapy have been developed for solid tumors, none have proven their efficacy in PDAC patients (5–7). Thus, it is necessary to develop new biomarkers for immunotherapy with particular emphasis on PDAC.

Recently, a series of other molecular subtype classifications based on high-throughput expression profiling data were developed for PDAC, with the aim of prognostic stratification. These classifications included a three-subtype classification [classical, quasimesenchymal (QM), and exocrine-like] based on microdissected samples (8) and a four-subtype classification [squamous, pancreatic progenitor, immunogenic, and aberrantly differentiated endocrine exocrine (ADEX)] based on bulk samples (9). However, given that these classifications were developed using different sources of samples and different techniques, their prognostic values need to be validated in more datasets (10, 11). Moreover, these classifications were based on tumor cells rather than microenvironment compartments of PDAC. The tumor microenvironment of PDAC comprises an admixture of multiple cell types within the extracellular matrix, including cancer-associated fibroblasts (CAFs) and various kinds of immune cells (12, 13). As a robust method for unsupervised class discovery, non-negative matrix factorization (NMF) has shown the capability to detect context-dependent molecular signals from these distinct compartments (14). Moffitt et al. used NMF to virtually microdissect bulk RNA sequencing data and identify tumor subtype classification (classical and basal-like) and stroma subtype classification (normal and activated) (15). Nevertheless, few molecular classifications have focused on the immune compartments of PDAC or been correlated with the treatment efficacy of immunotherapy. Thus, further research should focus on identifying immune molecular subtypes based on the virtual microdissection of immune-related signals within the tumor microenvironment to facilitate prognostic stratification and discover effective biomarkers for immunotherapy (16).

The current research applied the NMF method to virtually dissect immune-related signals from gene expression data of PDAC samples. We identified an immune molecular subtype, Immune Class, based on the tumor immune microenvironment of PDAC. Detailed immunogenomic profiling showed that Immune Class had several characteristics, including more active immune cytolytic activity, higher immune cell infiltration, higher tumor mutational burden (TMB), and lower copy number alterations (CNAs) than Nonimmune Class. Immune Class also served as an independent favorable prognostic factor for overall survival. In addition, our immune molecular subtypes might complement the current classification systems and facilitate personalized immunotherapy. Our findings provide a comprehensive understanding of the immunological landscape in PDAC and deserve further validation in PDAC patients treated with immunotherapy.



Materials and Methods


PDAC Datasets and Samples

We analyzed the mRNA gene expression data from a cohort of 764 patients with pancreatic cancers (Figure 1). A cohort of 149 PDAC samples from The Cancer Genome Atlas (TCGA) was used as the training cohort. Public level 3 HT-seq fragments per kilobase of exon model per million mapped fragments (FPKM) data were downloaded from the TCGA data port (https://portal.gdc.cancer.gov/, accessed September 16, 2020) (17). The corresponding clinicopathological information was collected at the same time, including survival time, survival status, age, sex, TNM stage, histological grade, and etc. Only primary PDAC tumor samples were included for downstream analyses. A total of 5000 genes with the highest median expression in the samples were retained for NMF analysis. Five publicly available datasets with a total of 615 samples were further used for validation (series: GSE85916, GSE71729, GSE57495, GSE21501, and E-MTAB-17951). In these datasets, gene expression was profiled using different microarray platforms ([HG-U219] Affymetrix Human Genome U219 Array, Rosetta/Merck Human RSTA Custom Affymetrix 2.0 microarray, Agilent-014850 Whole Human Genome Microarray 4x44K G4112F, and Illumina human WG6 BeadChip v3). The gene expression data were downloaded from the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) and Array Express (www.ebi.ac.uk/arraryexpress). The probe IDs were transformed to gene symbols with GEO platform files, and probes mapping to the same gene symbol were collapsed by mean expression. Samples were normalized using to each other using quantile normalization with the R package “limma” (18). The key information of these five datasets is summarized in Supplementary Table 1.




Figure 1 | Flow chart of the study. A total of 764 PDAC samples were included in this study. A training cohort (TCGA-PDAC) including 149 samples was virtually microdissected to identify immune molecular subtypes. Detailed immunogenomic characterization was performed between the two immune molecular subtypes. The Immune Classifier was adopted in five independent validation datasets to validate the immune molecular subtypes.





Virtual Dissection of Immune-Related Gene Expression Signals and Unsupervised Class Discovery

The tumor, stromal, and immune cell gene expression signals in the training TCGA-PDAC cohort were deconvoluted and virtually microdissected using NMF as previously described (14, 15) with the R package “NMF” (19). k = 9 was selected as the number of factorization factors because it could achieve high cophenetic coefficients and provide effective deconvolution of the TCGA-PDAC cohort in terms of immune-related signals. The coefficient matrix and basis matrix are displayed in Supplementary Table 2. We applied a previously reported immune enrichment score calculated by single-sample gene set enrichment analysis (ssGSEA) (20) to obtain the immune-related NMF factor. The nine NMF factors were compared to the immune enrichment score, and the NMF factor with the highest level of immune enrichment score was subsequently referred to as the immune factor (Supplementary Figure 1A). The top-ranked genes by their loadings of the immune factor are herein referred to as exemplar genes (Supplementary Table 3). The top 100 exemplar genes of the immune factor were subjected to Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses (21–23). A false discovery rate (FDR)-adjusted P-value < 0.05 was considered as the criterion for significant enrichment for GO terms and KEGG pathways. Subsequently, the top 50 exemplar genes of the immune factor were selected for unsupervised consensus clustering to divide the TCGA-PDAC cohort into two immune molecular subtypes: Immune Class and Nonimmune Class (Figures 2C, 3). Finally, the subtypes obtained from consensus clustering were further refined with the R package “Random Forest” (24); thus, the final Immune Class and Nonimmune Class were identified. The multidimensional scaling (MDS) plot and confusion matrix are displayed in Figures 2A, B.




Figure 2 | Immune molecular subtypes determined after consensus clustering and random forest refinement. (A) Consensus clustering of the TCGA-PDAC cohort using the exemplar genes was further refined using random forest as illustrated in the multidimensional scaling (MDS) plot. Purple dots indicated patients classified as Immune Class according to consensus clustering, and blue dots indicates patients classified as Nonimmune Class. (B) Heatmap of confusion matrix exhibited the correction rate of random forest classifier compared with consensus clustering. (C) Heatmap displayed the overlap between NMF factors, immune factor weight, immune enrichment score, consensus clustering using exemplar genes, and immune molecular subtypes. The expression of exemplar genes was illustrated at the bottom heatmap.






Figure 3 | Identification of PDAC immune molecular subtypes. Consensus-clustered heatmap of the TCGA-PDAC cohort using exemplar genes of the immune non-negative matrix factorization (NMF) factor. Immune Class was indicated in purple and constituted 30.8% (46/149) of the TCGA-PDAC cohort. Single sample gene set enrichment analysis (ssGSEA) was performed using a series of gene sets, including signatures of innate and adoptive immune response. The enrichment score of ssGSEA was displayed in the heatmap. Wilcoxon rank sum test compared ssGSEA enrichment scores of the immune-related signatures between Immune Class and Nonimmune Class. Methylation estimated leukocyte percent, Bailey’s classification, Collison’s classification, and Moffitt’s tumor classification, Dijk’s 4-tier classification, pancreatic adenocarcinoma molecular gradient (PAMG), mutation signature groups and methylation clusters were also shown at the top panel. Tcm cells, central memory T cells; Tem cells, effector memory T cells; TFH cells, T follicular helper cells; Th17 cells, T helper 17 cells; Treg cells, Regulatory T cells; Tgd cells, γδ T cells; NK cells, natural killer cells; DC, dendritic cells; iDC, immature dendritic cells; aDC, activated dendritic cells; pDC, plasmacytoid dendritic cells; T/NK metagene, T cell/NK cell metagene; B/P metagene, B cell/plasma cell metagene; M/D metagene, monocyte/dendritic cell metagene; TITR, tumor infiltrating regulatory T cells; IFN-γ, interferon-γ; TGF-β, transforming growth factor-β; TBRS, TGF-β response signature; ECM, extracellular matrix.





Molecular Characteristics of the Immune Molecular Subtypes and the Generation of Immune Molecular Subtype Classifiers

Sets of previously reported immune- and stroma-related gene expression signatures representing immune cell infiltration and immune responses are summarized in Supplementary Table 4. We applied these gene sets to characterize the immune molecular subtypes using ssGSEA and nearest template prediction (NTP). ssGSEA was conducted using the R package “GSVA” (25), and NTP was conducted using an R version of the GenePattern module NTP (26, 27). The Estimation of Stromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) algorithm was used to calculate the immune enrichment score and the stromal enrichment score with the R package “ESTIMATE” (20). Differential analyses between the two immune molecular subtypes revealed differentially expressed genes (DEGs). Linear models were used to identify DEGs with the R package “limma” (18). An FDR < 0.05 combined with |log2(fold change)| ≥ 1.5 was set as the threshold for DEG identification. The DEGs reaching the threshold were considered the Immune Classifier. Genes whose expression was higher in Immune Class than in Nonimmune Class were considered as classifier genes of Immune Class, and vice versa. Gene set enrichment analysis (GSEA) was utilized to identify differential enrichment of the immune-related pathways, infiltrating immune cells, and immune responses (28). GSEA was performed using GSEA software version 4.1.0 from the Broad Institute, and gene sets (as gene symbols version 7.2) were downloaded from the Molecular Signatures Database (http://software.broadinstitute.org/gsea/msigdb). The normalized enrichment score (NES) was obtained by 1000 permutations. Gene sets with a p-value < 0.05 and an FDR < 0.25 were considered significantly enriched. All heatmaps were generated using the R package “pheatmap”.



Correlations of the Immune Molecular Subtypes With Immunogenomic Features

CNA data generated by GISTIC2.0 were obtained from the Broad Institute GDAC FireBrower (http://firebrowse.org). Arm-level amplifications and deletions were defined by gains or loss in each chromosome. The numbers of both arm- and focal-level CNAs were compared between Immune Class and Nonimmune Class using the Wilcoxon rank-sum test. The mutation data of the TCGA-PDAC cohort were downloaded from the TCGA data portal (https://tcga-data.nci.nih.gov/tcga), and TMB was calculated as the number of nonsynonymous mutations per million bases. We used the MutSig2.0 approach (29) to identify and visualize significantly mutated genes (SMGs) with the R package “Maftools” (30), and mutations in known driver genes of PDAC and genes in the WNT/β-catenin pathway were visualized in an oncoplot. Illumina Infinium human methylation 450K array data was downloaded from UCSC Xena (http://xena.ucsc.edu/). Pathological tumor cellularity, ABSOLUTE purity, DNA hypermethylation purity, and the DNA methylation-estimated leukocyte fraction were obtained from a previous study on the genomic characterization of PDAC (31). Twenty-two subpopulations of tumor-infiltrating lymphocytes (TILs) were analyzed using the CIBERSORT algorithm (https://cibersort.stanford.edu/) in R (32). A list of immunomodulatory genes was obtained from a previous publication (33), and the mRNA expression profiles of these genes were compared between Immune Class and Nonimmune Class.



Combination of the Immune Molecular Subtypes and Other PDAC Molecular-Subtype Classifications

The correlations between our immune molecular subtypes (Immune Class and Nonimmune Class) and previously reported PDAC molecular subtypes were analyzed. Bailey et al. reported a four-subtype classification of pancreatic cancer: squamous, progenitor, immunogenic, and ADEX (9). Collison et al. reported a three-subtype classification: QM, classical, and exocrine-like (8). Moffitt et al. proposed two classifications of pancreatic cancer through virtual microdissection of the tumor epithelium and stromal components in the tumor microenvironment (15). The tumor classification contained the classical and basal subtypes, whereas the stromal classification contained the activated and normal subtypes. We defined these four molecular subtype classifications in each sample from the TCGA-PDAC cohort using the published classifier genes. The distribution of the aforementioned classifications in immune molecular subtypes was compared using Fisher’s exact test. A Sankey diagram was generated using the R package “networkD3”. Cramer’s V statistic was applied to measure the similarity between two categorical variates, herein different PDAC molecular subtype classifications. A Venn diagram comparing the classifier genes of different classifications was plotted using the R package “VennDiagram”. The association between clinicopathologic characteristics and overall survival in the TCGA-PDAC cohort was analyzed using uni- and multivariate Cox proportional hazards (CoxPH) regression models. Kaplan-Meier survival analysis was employed to visualize the overall survival, and the log-rank test was used to compare differences among different curves. A forest plot was plotted using the R package “forest plot”. PDAC molecular classifications in some recent studies were also reproduced in the TCGA-PDAC cohort. Hierarchal clustering was performed using the function “hclust” in R. Pancreatic adenocarcinoma molecular gradient was generated using the R package “pdacmolgrad”. Consensus clustering was performed using the R package “ConsensusClusterPlus”. Mutation signatures were downloaded from COSMIC (https://cancer.sanger.ac.uk/signatures/) and identified using the R package “deconstructSigs”.



Validation of the Immune Molecular Subtypes in Independent External Datasets

The expression of a customized 795-gene NanoString panel in 32 patients receiving sequential cytotoxic T lymphocyte-associated antigen-4 (CTLA-4) inhibitors and programmed cell death 1 (PD-1) inhibitors was profiled in a previous study (34). Subclass mapping was performed via a bioinformatic approach to identify common subtypes between independent cohorts (35). The similarity of the expression of these genes between patients in the TCGA-PDAC cohort and immune checkpoint blockade responders was evaluated using subclass mapping in the GenePattern SubMap module. The Immune Classifier genes were used to predict immune molecular subtypes in five independent external validation datasets using NTP. Immune-related gene signatures (Supplementary Table 4) further validated and characterized the presence of immune molecular subtypes in these validation datasets. Treatment response to immunotherapy was also predicted in the validation datasets using SubMap.



Statistical Analysis

All statistical analyses were conducted in R software (version 4.0.1) (http://www.r-project.org). Correlations between continuous variables and immune molecular subtypes were analyzed using Student’s t-test and the Wilcoxon rank-sum test for normally distributed and nonnormally distributed data, respectively. Correlations between categorical variates and immune molecular subtypes were analyzed using the chi-square test or Fisher’s exact test. Survival analysis, including CoxPH regression, Kaplan-Meier survival analysis and log-rank tests, was performed using the R packages “survival” and “survminer”. A two-sided P value < 0.05 was considered statistically significant.




Results


Identification of the Immune Molecular Subtypes Through Virtual Microdissection

With the aim of virtually microdissecting immune-related signals from bulk gene expression data, we performed unsupervised NMF analysis of 149 PDAC samples in the TCGA cohort (training cohort, Figure 1). Among the different expression patterns determined by NMF, one was correlated with a previously reported immune enrichment score reflecting the presence of infiltrating immune cells in tumor tissues (Supplementary Figure 1A) (20). Thus, this expression pattern was regarded as the immune NMF factor, and the top-ranked genes with the highest weight contributing to the immune NMF factor were considered as exemplar genes. Enrichment analyses of GO terms and KEGG pathways on exemplar genes provided additional evidence of immune-related functions and signaling (Supplementary Figures 1B, C and Supplementary Table 5). For example, enriched biological processes included the response to interferon-gamma (IFN-γ) and positive regulation of T cell activation. By utilizing consensus clustering on exemplar genes and random forest refinement (Figures 2A, B), immune molecular subtypes were identified and further referred to as “Immune Class” and “Nonimmune Class” (Figure 2C). Immune Class accounted for 30.8% (46/149) of the training cohort and exhibited higher expression of exemplar genes and higher immune enrichment score than Nonimmune Class (Figures 2, 3).

ssGSEA revealed significant enrichment of a series of gene sets associated with innate and adaptive immune cell subpopulations, including B cells, cytotoxic T cells, and natural killer cells (NK cells), in Immune Class (all P < 0.0001) (Figure 3). Significant enrichment of tumor-suppressing Th1 cells, not tumor-promoting Th2 cells (P = 0.38), was also observed in Immune Class (P = 1.5e-07). Similarly, we found enrichment of a proinflammatory M1 macrophage signature (P = 6.3e-04) rather than an anti-inflammatory M2 macrophage signature (P = 0.61) in Immune Class. A six-gene IFN-γ signature that was reported to induce programmed death ligand 1 (PD-L1) expression and predict the therapeutic efficacy of the PD-1 inhibitor pembrolizumab in head and neck squamous cell carcinoma (34) was also significantly enriched in Immune Class (P = 1.6e-04). Other signatures significantly enriched in Immune Class included tertiary lymphoid structure, immune cytolytic activity, WNT/β-catenin and transforming growth factor (TGF-β) pathway, and stromal enrichment score (all P < 0.0001).

Class comparison analysis revealed 95 genes that were significantly overexpressed in Immune Class and 5 genes that were significantly overexpressed in Nonimmune Class (Supplementary Table 6). The Immune Classifier was further built based on the expression of this set of 100 genes (Supplementary Table 7). The Immune Classifier was mainly composed of immune-related genes, for example, B cell surface markers such as CD19, membrane spanning 4-domains A1 (MS4A1, CD20), CD79A and CD79B, and T cell surface markers such as CD2, CD3D, CD3E, and CD5. Several immunoglobulin genes were also overexpressed in Immune Class and included in the Immune Classifier, such as the Fc fragment of IgE receptor II (FCER2), Fc receptor-like 1/2/3 (FCRL1/2/3) and joining chain of multimeric IgA and IgM (JCHAIN). Furthermore, chemokine receptor and ligand genes, such as C-X-C motif chemokine ligand 12/13 (CXCL12/13), C-C motif chemokine ligand 19/21 (CCL19/21), and C-C motif chemokine receptor 4/7 (CCR4/7) were presented in the Immune Classifier. Granzyme genes (granzyme K/E, GZMK and GZME) were also overexpressed in Immune Class, indicating the cytotoxic activity of T cells and NK cells. Similarly, GSEA was employed to analyze the enrichment of immune cells, IFN-α and IFN-γ responses, tumor necrosis factor-α (TNF-α) signaling, Janus kinase/signal transducer and activator of transcription (JAK/STAT) signaling, and WNT/β-catenin signaling (all p < 0.05 and FDR < 0.25, Supplementary Figure 2 and Supplementary Table 8).

In conclusion, by performing virtual microdissection in PDAC, we identified an immune molecular subtype named Immune Class and demonstrated the potential of Immune Class to capture signatures of immune cell infiltration, innate and adaptive immune responses, and immune-related pathways such as interferon signaling and WNT/β-catenin signaling.



Correlations Between the Immune Molecular Subtypes and Immunogenomic Characteristics

Several previous studies have correlated certain immunogenomic characteristics with immune cell infiltration and the antitumor immune response. In a recent study, the number of major histocompatibility complex (MHC) Class I-associated neoantigens and driver gene mutations reflected the cytolytic activity of local immune infiltration (35). In particular, a higher neoantigen load and more abundant CD8+ T cell infiltration stratified pancreatic cancer patients who survived longer survival and might guide the application of immunotherapies (36). It was also demonstrated that TMB and CNAs were associated with CD8+ T cell infiltration and immune cytolytic activity and served as independent predictive factors for the immune checkpoint blockade response (35, 37, 38). To further demonstrate the biological relevance of Immune Class, we carried out detailed immunogenomic profiling including CNAs, TMB, tumor neoantigens, TILs, etc. Immune cytolytic activity was higher in Immune Class than in Nonimmune Class (P = 4.2e-13), as were the immune enrichment score (P = 1.8e-14) and the methylation-estimated leukocyte fraction (P = 9.3e-14) (Figure 3). For CNAs, it is worth noting that patients classified as Immune Class had relatively fewer both arm-level amplifications and deletions. In particular, Immune Class had a median of 0 arm-level amplifications (range 0-18) and 2 arm-level deletions (range 0-21) versus a median of 3 arm-level amplifications (range 0-23) and 7 arm-level deletions (range 0-22) in Nonimmune Class (P = 0.00012, and P = 1.9e-06 respectively, Figure 4A). It was also demonstrated that Immune Class harbored a median of 0 focal amplifications (range 0-5) and a median of 0 focal deletions (range 0 to 24), both of which were lower in Immune Class than in Nonimmune Class with a median of 0 focal amplifications (range 0-22) and a median of 9 focal deletions (range 0-25) (P = 6.8e-09, and P = 9.4e-09 respectively, Figure 4B). Notably, TMB (P = 8.7e-05, Figure 4C) but not neoantigen count (P = 0.37, Figure 4D) was higher in Immune Class than in Nonimmune Class. These results demonstrate that patients within Immune Class have several immunogenomic characteristics, such as higher immune cytolytic activity, a higher leukocyte fraction, a higher TMB, and fewer arm- and focal-level CNAs than patients within Nonimmune Class.




Figure 4 | Correlation of the immune molecular subtypes with immunogenomic characteristics and immune cell infiltration. (A, B) Patients within Immune Class showed significantly fewer both arm-level (A) or focal-level (B) amplifications and deletions compared with patients within Nonimmune Class. (C) Patients within Immune Class showed significantly higher tumor mutational burden (TMB) compared with patients within Nonimmune Class. (D) Neoantigen count did not differ between Immune Class and Nonimmune Class. (E) The relative proportions of 22 immune cell subpopulations estimated by CIBERSORT were compared between the immune molecular subtypes. *p ≤ 0.05; **p ≤ 0.01; ****p ≤ 0.0001.



We next sought to correlate the immune molecular subtypes with TIL subpopulations, immunomodulatory gene expression, and mutations in known driver genes of PDAC and genes in the WNT/β-catenin pathway. After deploying the CIBERSORT approach, macrophages accounted for the highest proportion of infiltrating immune cells in PDAC (Supplementary Figure 3B). Immune Class exhibited higher infiltration of memory B cells, CD8+ T cells, γδ T cells, activating NK cells, and activating dendritic cells (all P < 0.001, Figure 4E), which are critical in the adaptive and innate immune responses. In contrast, Nonimmune Class was enriched in M0 and M2 macrophages, yet no significant difference in M1 macrophages was observed. Moreover, we analyzed the expression of immunomodulatory genes, including both immunostimulatory and immunoinhibitory molecules that were critical for immunotherapy by supporting the immune response (39). The expression of immunomodulatory genes varied between immune molecular subtypes (Supplementary Figure 3A). The expression of immune checkpoint molecules such as CTLA4 and CD274 (PD-L1), as well as IFNG in IFN-γ signaling, was higher in Immune Class. Furthermore, the immune molecular subtypes were correlated with mutations in known driver genes of PDAC and genes in the WNT/β-catenin pathway (Figure 5). Immune Class had significantly fewer mutations in WNT/β-catenin pathway genes than Nonimmune Class (3/(45×12) versus 19/(101×12), P = 0.079). Additionally, there were significantly fewer mutations in SMAD4 in Immune Class than in Nonimmune Class (7/45 versus 33/101, P = 0.032). Nevertheless, there was no difference in the mutation rates between Immune Class and Nonimmune Class in terms of other PDAC driver genes, such as KRAS, TP53, and CDKN2A. Altogether, these findings imply that immune molecular subtypes showed differences in TIL subpopulations, immunomodulatory gene expression, and certain oncogenic pathway mutations.




Figure 5 | Mutations of the immune molecular subtypes. The distribution of mutations in known driver genes of PDAC and genes in the WNT/β-catenin pathway across 149 TCGA-PDAC samples were visualized in the oncoplot, including somatic nonsynonymous mutations (missense, nonsense, frame shift insertion, frame shift deletion, In-frame insertion, In-frame deletion, and splice site mutation). The mutation rates of relative genes were displayed and compared between Immune Class and Nonimmune Class.





Correlations of the Immune Molecular Subtypes With Clinicopathological Characteristics and Survival Analyses

The clinicopathological characteristics of the TCGA-PDAC cohort were summarized and compared between Immune Class and Nonimmune Class (Supplementary Table 9). Immune molecular subtypes were not associated with most clinicopathological characteristics, including age, gender, lymph node invasion, and distant metastasis. Nonetheless, Immune Class was more likely to be classified as stage T1/T2 (7/46 versus 14/103) and less likely to be classified as stage T3 (35/46 versus 89/103) (P = 0.035). Tumor purity was correlated with immune and stromal cell infiltration as well as immune cytolytic activity. Tumor purity could also confound the interpretation of genomic profiling and classifications based on bulk tumor samples (40, 41). Low tumor purity was associated with Bailey’s ADEX and immunogenic subtypes and might also serve as a prognostic factor (31, 42, 43). Thus, we collected pathologist-reviewed tumor cellularity data and adopted different tumor purity estimation methods in silico (Supplementary Table 10). ABSOLUTE purity, evaluated by the whole-exome sequencing algorithm, ranged from 9.0% to 89.0% (median, 33.5%) in the whole cohort. The ABSOLUTE purity of Immune Class [median (range), 18.5% (9.0%-70.0%) was significantly lower than that of Nonimmune Class [median (range), 38% (10%-89%)] (Figure 6A, P = 6.4e-10) (44). Tumor purity was also estimated using DNA methylation profiles and ranged from 13.5% to 68.1% (median, 40.2%) in the whole cohort and was strongly correlated with ABSOLUTE purity (Spearman’s ρ = 0.87, p < 1e-15, Figure 6B) (31). A binary purity classification based on regional copy number burden indicated that Immune Class was more likely to be classified as low purity (Figure 6C, P < 0.001) (31). In summary, Immune Class had a lower tumor grade and lower tumor purity than Nonimmune Class.




Figure 6 | Distribution of tumor purity and survival analyses in the immune molecular subtypes. (A) Patients within Immune Class showed significantly lower ABSOLUTE purity compared with patients within Nonimmune Class. (B) ABSOLUTE purity and DNA methylation estimated purity showed strong correlation. Spearman’s ρ values were evaluated independently in Immune Class and Nonimmune Class. (C) Proportions of Immune Class and Non-Immune Class were compared in low and high tumor purity class. (D) Kaplan-Meier curves of overall survival were plotted according to the immune molecular subtypes in the TCGA-PDAC cohort. (E) Forest plot displayed the hazard ratio and 95% confidence interval of immune molecular subtypes and several clinicopathological characteristics for overall survival.



We next sought to explore the prognostic values of the immune molecular subtypes along with other clinicopathological characteristics (Table 1). In univariable Cox regression analyses, immune molecular subtypes, together with age, lymph node invasion status, and histological grade, were significantly associated with overall survival. Immune Class was a favorable prognostic factor, with a hazard ratio (HR) of 0.56 [95% confidence interval (95% CI) 0.33-0.95, P = 0.033]. The median survival time of Immune Class was 34.8 months (95% CI = 16.4-not reached), which was longer than that of Nonimmune Class (17.9 months, 95% CI = 15.1-21.4). Kaplan-Meier curves also showed that Immune Class was associated with better overall survival (Figure 6D). Moreover, the HR of age was 1.02 (95% CI = 1.01-1.05, P = 0.036), and the HR of lymph node invasion was 1.78 (95% CI = 1.02-3.09, P = 0.008). In addition, the HR of poor versus moderate histological grade was 1.73 (95% CI = 1.09-2.75, P = 0.02). These four prognostic factors were presented in a forest plot (Figure 6E) and subsequently examined using multivariable Cox regression analysis. Older age [HR (95% CI) = 1.03 (1.01-1.05), P = 0.026] remained an independent unfavorable prognostic factor, whereas Immune Class remained an independent favorable prognostic factor for overall survival [HR (95% CI) = 0.56 (0.33-0.97), P = 0.037] (Table 1). Additionally, various metrics of tumor purity and immune infiltration, including ABSOLUTE/methylation purity, the immune enrichment score, and the methylation-estimated leukocyte fraction, were not prognostic (Table 1). Our results indicated that Immune Class could serve as an independent prognostic factor in PDAC.


Table 1 | Uni- and multivariate Cox proportional hazards regression analysis of the immune molecular subtypes and clinicopathological characteristics.



To further explore the relationship with other transcriptome-based PDAC classifications, we included two another PDAC classifications, pancreatic adenocarcinoma molecular gradient (PAMG) (45) and Dijk’s 4-tier classification (46). The PAMG was a summary of all previous epithelial molecular classification of PDAC, while Dijk’s 4-tier classification intend to build a unifying transcriptome-based classifications. We reproduced these two tumor epithelial classifications in the TCGA-PDAC cohort. Immune Class had lower molecular gradient compared to Nonimmune Class (t-test, P = 5.1e-5, Figure 3). As for Dijk’s 4-tier classification, we found that the Immune Class had a higher proportion of secretory subtypes compared to Nonimmune Class (Fisher’s exact P = 0.002, Figure 3). Several PDAC classifications based on genome and methylome were also built recently, including mutation signature subtypes (47), homologous recombination deficiency (HRD) (48), and methylation clusters (49). We also reproduced mutation signature subtypes and methylation clusters in the TCGA-PDAC cohort. The mutation signature subtypes used NMF and hierarchical clustering to define four major subtypes. Nevertheless, we failed to discover correlation between the immune molecular subtypes and mutation signature subtypes (Fisher’s exact P = 0.91, Figure 3). We observed a higher proportion of Methylation Cluster2 (Methylationlow/IFNsignaturehigh) in the Immune Class (Fisher’s exact P = 3.2e-7, Figure 3), which was consistent with our findings that Immune Class had higher enrichment of IFN-α and IFN-γ signaling. In conclusion, these results highlighted the potential mechanisms of DNA methylation in modulating tumor immune microenvironment. And the correlation between immune molecular subtypes and alterations in genome and methylome needs further research.



Combination of the Immune Molecular Subtypes With PDAC Tumor and Stroma Classifications for Prognostic Stratification

Four molecular classifications of PDAC based on gene expression profiles that were biologically and clinically relevant in different sets of patients showed concordance to some extent (8, 9, 15). We evaluated the correlations of the immune molecular subtypes with these classifications and further explored the integration of immune molecular subtypes with tumor and stroma classifications in prognostic stratification. The classifier genes of Moffitt’s tumor, Moffitt’s stroma, Collison’s, and Bailey’s subtypes were used to cluster patients in the TCGA-PDAC cohort by NTP. The distributions of these four classifications were compared with the distribution of immune molecular subtypes using Fisher’s exact test (Supplementary Table 11). There was no significant difference between the distributions of Moffitt’s tumor subtypes and immune molecular subtypes, probably because virtual microdissection was utilized to deconvolute tumor cell signals in the study by Moffitt et al. (P = 0.38, Figures 7A, F). Nevertheless, significant correlations between immune molecular subtypes and other PDAC classifications, including Collison’s subtypes, Bailey’s subtypes and Moffitt’s stroma subtypes, were revealed (all P < 0.005). For the integration with Collison’s classification, the proportion of the classical subtype was significantly lower and the proportion of the QM subtype was significantly higher within Immune Class versus Nonimmune Class (17.4% versus 43.8%, 34.8% versus 17.5%, P = 0.004, respectively) (Figure 7B). For Bailey’s classification, the frequency of ADEX and immunogenic subtypes was higher within Immune Class versus Nonimmune Class (45.7% versus 5.83% and 32.6% versus 22.3%, P < 0.001, respectively) (Figure 7C). In contrast, we also observed a lower frequency of squamous and progenitor subtypes within Immune Class compared to Non-Immune Class (10.9% versus 25.2%, 10.9% versus 46.6%, respectively). For Moffitt’s stroma subtypes, we found that Immune Class was composed of a more normal stroma subtype and a less activated stroma subtype than Nonimmune Class (43.4% versus 8.74% and 23.9% versus 36.9%, P < 0.001, respectively) (Figure 7D). The Sankey diagram illustrated the PDAC assignment according to the immune molecular subtypes and Moffitt’s tumor/stroma classifications (Figure 7E). Analysis based on Cramer’s V statistic demonstrated a strong correlation between the immune molecular subtypes and Bailey’s classifications (Cramer’s V value = 0.54) and a weak correlation between the immune molecular subtypes and Moffitt’s tumor classifications (Cramer’s V value = 0.07). The overlap among the Immune Classifier genes, Moffitt’s tumor/stroma classifier genes is illustrated in the Venn Diagram (Supplementary Figure 4A). In conclusion, it was demonstrated that Immune Class was correlated with a higher proportion of the QM/ADEX subtypes, immunogenic subtype, and normal stroma subtype.




Figure 7 | Integration of the immune molecular subtypes and other PDAC classifications. (A–D) Distribution of Moffitt’s tumor classification (A), Collison’s classification (B), Bailey’s classification (C), and Moffitt’s stroma classification (D) were compared between Immune Class and Nonimmune Class. (E) Sankey chart displayed the distribution of Moffitt’s tumor classification, Moffitt’s stroma classification, and immune molecular subtypes. (F) Heatmap of Cramer’s V statistic reflected the corrections between five PDAC molecular classifications. (G) Kaplan-Meier curves of overall survival were plotted according to the immune molecular subtypes and Moffitt’s tumor classification.



The cumulative effect of different classifications based on the tumor epithelium, stromal, and immune cells on prognostic stratification was next explored (10). In univariable Cox regression analyses, Moffitt’s stroma classification, instead of Moffitt’s tumor, Bailey’s and Collison’s classifications, had prognostic value in the TCGA-PDAC cohort (Supplementary Table 12). The normal stroma subtype was associated with significantly longer overall survival than the other stroma subtypes, with an HR of 0.46 (95% CI = 0.24-0.93, P = 0.03) (Supplementary Figure 4B). Integration of Moffitt’s tumor/stroma classification in survival analyses did not hamper the prognostic value of the immune molecular subtypes (Figure 7G and Supplementary Figures 4C, D). Patients within Immune Class and the classical tumor subtype had the longest median survival time of 34.8 months, whereas patients within Nonimmune Class and the basal tumor subtype had the shortest median survival time of 12.9 months (log-rank P = 0.009, Figure 7G). Since the difference between the activated stroma subtype and the absent stroma subtype was not significant for overall survival (HR [95% CI], 0.85 [0.52-1.41], P = 0.54), we combined these two stroma subtypes into other stroma subtypes and compared them with the normal stroma subtype. After integrating the immune molecular subtypes and Moffitt’s stroma subtypes, we found that patients within Immune Class and the normal stroma subtype had the best survival rate, whereas patients within the Nonimmune Class and the other stroma subtypes had the worst survival rate (P = 0.012, Supplementary Figure 4C). Finally, we combined the immune molecular subtypes with tumor and stroma classifications for prognostic stratification. Patients within Immune Class and the classical stroma and basal tumor subtypes had the best overall survival rate (P = 0.024, Supplementary Figure 4D). Together, these results showed that the combination of immune molecular subtypes with tumor and/(or) stromal subtypes achieved a cumulative effect on PDAC prognosis prediction.



Validation in Independent Datasets

The presence of immune molecular subtypes was further evaluated in five independent datasets using NTP analyses with the 100 gene-expression-based Immune Classifier (n = 615, Figure 1 and Supplementary Table 1). Gene expression profiling of the validation datasets was conducted with different microarray platforms (Illumina, Affymetrix, or Agilent Gene chip systems) and in different types of tissue material (flash frozen or formalin fixed paraffin embedded). The proportion of patients classified as Immune Class showed consistency among the validation datasets, with an average of 36.4% (range 30.0%-42.8%) (Figure 8A and Supplementary Figures 6–9). Patients in validation cohort GSE57495 were allocated to Immune Class at a higher frequency of 42.8%, potentially due to the different microarray platforms used (Custom Affymetrix 2.0 microarray). Overall, the immune molecular subtypes were successfully reproduced in the validation datasets regardless of the platform and type of tumor tissue used.




Figure 8 | Analyses of potential immunotherapy response and validation in E-MTAB-17951. (A) The presence and molecular characteristics of the immune molecular subtypes were validated in cohort E-MTAB-17951. The heatmap showed the single sample gene set enrichment analysis (ssGSEA) scores of immune- and stroma- related signatures. Moffitt’s tumor/stroma classifications were also shown at the top panel. (B) SubMap analysis was used to evaluate the immune molecular subtypes in the TCGA-PDAC cohort and four groups of melanoma patients (pre-treatment CTLA-4 inhibitor responders and non-responders, pre-treatment PD-1 inhibitor responders and non-responders). Similarity between these two cohorts were illustrated as Bonferroni-corrected P-values. (C) SubMap analysis was used to evaluate the immune molecular subtypes in the TCGA-PDAC cohort and four groups of melanoma patients (pre-treatment CTLA-4 inhibitor responders and non-responders, pre-treatment PD-1 inhibitor responders and non-responders). Similarity between these two cohorts were illustrated as nominal P-values. PD-1, programmed cell death-1; CTLA-4, cytotoxic T lymphocyte-associated antigen-4; B/P metagene, B cell/plasma cell metagene; M/D metagene, monocyte/dendritic cell metagene; IFN-γ, interferon-γ; TBRS, transforming growth factor-β response signature; ECM, extracellular matrix.





Exploration of Potential Immunotherapy Response

The ability of the immune molecular subtypes to predict immunotherapy response was explored using subclass mapping analysis. We assessed the similarity of immune-related gene expression profiles between the TCGA-PDAC cohort and a cohort of 32 melanoma patients receiving sequential CTLA-4 and PD-1 inhibitors (Figures 8B, C) (37, 50). Our results showed similarities between patients within Immune Class and melanoma patients responding to PD-1 checkpoint inhibitors (Bonferroni corrected p-value = 0.04). The similarity of immune-related gene expression profiles between Immune Class and immunotherapy responders was also shown in the validation cohorts (Supplementary Figures 6–9). To further explore this similarity, we included a cohort of 65 patients with non-small cell lung cancer (NSCLC), head and neck squamous cell carcinoma (HNSCC) and melanoma who were treated with PD-1 inhibitors (51). Significant similarity between Immune Class and PD-1 inhibitor responder was observed in the TCGA-PDAC cohort and the E-MTAB-17951 validation cohort (Supplementary Figures 5A, B, E, F). Thus, we showed the discrepant responses of immunotherapy in two immune molecular subtypes, which needs to be strengthened in PDAC patients receiving immune checkpoint inhibitors.




Discussion

Immunotherapy, especially immune checkpoint inhibitors, has emerged as a new era of cancer treatment. Nevertheless, immune checkpoint inhibitors could only benefit a minority of PDAC patients (12). The limited clinical benefit of immune checkpoint inhibitors achieved in PDAC patients necessitates the identification of suitable PDAC patients. Deep understanding of the tumor immune microenvironment was also necessary in identifying such patients. In the current study, the NMF method was applied to deconvolute the gene expression profiles and identify immune molecular subtypes. We then discovered a robust immune molecular subtype, Immune Class, which comprised 30.8% of the cohort. Detailed immunogenomic profiling was conducted, and a comprehensive description of the tumor-, stromal-, immune- compartments was provided. The presence of Immune Class reflected an active immune response and correlated with current immunotherapy biomarkers.

In this study, we provided an immune molecular classification that, similar to current PDAC molecular classifications, has prognostic value in PDAC. Immune Class was an independent favorable prognostic factor, as confirmed in both the training and validation cohorts. Furthermore, in-depth survival analyses confirmed that integration of the immune molecular subtypes with Moffitt’s tumor and stroma classifications had a cumulative effect on prognosis prediction. According to Moffitt et al., the tumor and stroma classifications were similarly based on virtual microdissection of the tumor epithelium and stromal components with the NMF method (15). These findings suggest the complex interplay among the tumor, stromal and immune compartments and support combination therapeutic strategies targeting the tumor microenvironment. Upon comparison to a melanoma cohort, we found that our Immune Class was associated with melanoma patients responding to PD-1 inhibitors, suggesting its potential immunotherapy efficacy. Successful reproduction in five independent datasets suggested the robustness of the immune molecular subtypes. Liu et al. also identified immune classification of PDAC, but used a method of consensus clustering rather than NMF (52). NMF can separate tumor, stromal and immune gene expression from transcriptomic data to deconvolute context-dependent signals. Moreover, compared to their study, we used twice the sample size and conducted a more comprehensive analysis including other current immunotherapy biomarkers, such as TMB and neoantigen count. Our findings indicate the prognostic value of our classification, but further validation in PDAC patients receiving immune checkpoint blockade therapies is required.

Given that the tumor microenvironment of PDAC is comprised of an admixture of abundant stromal cells and immune cells, it is critical to consider tumor purity when interpreting the genomic and transcriptional profiles. Because of the modest concordance among intraplatform tumor purity estimates (40, 53), we compared the gold-standard pathologist-reviewed tumor cellularity with bioinformatic estimates, including ABSOLUTE purity, DNA methylation-estimated purity, and copy number-estimated purity. Nevertheless, in our study, DNA methylation-estimated tumor purity and ABSOLUTE purity were well correlated. Generally, Immune Class had lower tumor purity than Nonimmune Class, probably due to higher immune cell infiltration in Immune Class. Regarding prognosis prediction, the immune molecular subtypes rather than tumor purity served as a prognostic factor.

Multiple biomarkers of response to immunotherapy have been developed and include four main categories (1): antigens eliciting T cell responses, such as TMB, CNAs, and neoantigen counts (2); mechanisms of immune evasion, such as CTLA-4 and PD-L1 expression and certain oncogenic pathways (3); markers of immune infiltration, such as CD8+ T cell infiltration; and (4) host factors (54). In our study, both TMB and CNAs were associated with the immune molecular subtypes. Although PDAC has a relatively a lower TMB than other solid tumors (5), there was still a tendency for a higher TMB in Immune Class. We also concluded that patients within Immune Class had relatively lower both broad- and focal-level CNAs. These findings highlight increased genomic stability in Immune Class and the role of aneuploidy in regulating immune response. Nevertheless, an association between neoantigen counts and immune molecular subtypes was not identified, which might be explained by the fact that neoantigen quality, rather than neoantigen quantity, is responsible for the CD8+ T cell-mediated immune response (55). In addition, the expression of immunomodulatory genes was compared between immune molecular subtypes to infer the potential immune evasion mechanisms. The expression of immune checkpoint molecules, such as PD-L1 and CTLA-4, was higher in Immune Class. Other immunostimulatory or immunosuppressive genes, including inducible T Cell costimulator (ICOS), 2,3-dioxygenase 1 (IDO1), and selectin P (SELP), was also differentially expressed (13, 56, 57).

The molecular characteristics of Immune Class also included elevated immune cytolytic activity, IFN-γ signaling upregulation, and increased immune cell infiltration. Immune cytolytic activity, defined as the geometric mean of GZMA and perforin 1 (PRF1) expression, is associated with resistance to and relapse following immunomodulatory therapies (35). A six-gene IFN-γ signature that can be used to predict the response to pembrolizumab in melanoma patients was also significantly enriched in Immune Class. In previous research, IFN signaling was considered an important inducer of the innate and adaptive responses and served as a new therapeutic approach in pancreatic cancer. The upregulation of IFN signaling promoted PD-L1 expression, facilitated recruitment of CD8+ T cells and induced immunogenic cell death (34, 58). In addition, we also observed significant enrichment of both adaptive and innate immune cell subpopulations using ssGSEA and CIBERSORT. Cytolytic T cells and NK cells, together with a T cell inflamed signature, indicating the upregulation of cellular immunity, were enriched in Immune Class. Similarly, B cells and plasma cells, together with a B cell/plasma cell metagene, implying the upregulation of humoral immunity, were also enriched. Interestingly, the majority of TILs in PDAC were macrophages, indicating the potential of targeting tumor-associated macrophages. Immune Class had significantly more infiltration of proinflammatory M1 macrophages, whereas Nonimmune Class had more infiltration of anti-inflammatory M2 macrophages. These findings indicate upregulation of innate immune response in Immune Class.

In the current study, the enrichment of stromal signatures and upregulation of the TGF-β and WNT/β-catenin pathways were detected in Immune Class. Immune Class also had fewer mutations in the WNT/β-catenin pathway. It is well established that intrinsic tumor activation of the TGF-β pathway plays a role in the suppression of CD8+ T cell recruitment and function as well as the proliferation and activation of CAFs (59, 60). The TGF-β pathway might also lead to chemotherapy and immunotherapy resistance. In addition, our findings demonstrated that patients within Immune Class had a significantly lower frequency of mutations in SMAD4. The loss of SMAD4 was previously reported to regulate the cell cycle and promote tumor proliferation and indicated poor survival in PDAC patients (61, 62). Crosstalk between the WNT/β-catenin pathway and TGF-β/SMAD4 pathway in the tumor immune microenvironment was thus implied. In conclusion, all these findings suggested that the immunotherapy response in PDAC was modulated by a combination of tumor-intrinsic mechanisms (e.g., TMB, CNAs, immunomodulatory gene expression, and certain oncogenic pathways) and tumor-extrinsic mechanisms (e.g., TILs).

In summary, our study revealed robust immune molecular subtypes in PDAC that achieved better performance in capturing immune components than previous classifications. Immune molecular subtypes correlated with currently used immunotherapy biomarkers, which confirmed the reliability of our classification. The cumulative effect of tumor, immune, and stroma classifications on prognosis prediction was confirmed. Nevertheless, our findings still require further validation in large cohorts of early-stage and metastatic PDAC patients. Additionally, further investigation should be performed in PDAC patients receiving immune checkpoint blockade therapies, to demonstrate its potential value in the immunotherapy response.
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Systemic inflammation measured by the acute-phase protein CRP associates with poor outcome across cancer types. In contrast, local tumor-associated inflammation, primarily evaluated by T-lymphocytes, correlates with favorable prognosis. Yet, little is known whether these two responses are related or opposing processes and why elevated CRP in relation to cancer is detrimental for clinical outcome. As proof of concept, we developed a platform combining multiplexed IHC and digital imaging, enabling a virtual readout of both lymphoid and myeloid immune markers and their spatial patterns in the primary tumors of resected stage II and III colon cancer (CC) patients with and without accompanying systemic inflammation. Twenty-one patients with elevated CRP (>30 mg/l) and 15 patients with low CRP (<10 mg/l) were included in the analyses. Whole slides from the primary tumors were stained for markers of adaptive (CD8+, CD4+, foxp3 regulatory T cells, CD20+ B cells) and innate (CD68+ macrophages, CD66b+ neutrophils) immunity and the immune checkpoint molecule PD-L1. Associations between individual immune markers, preoperative CRP values, mismatch repair status (MMR), and risk of recurrence or death were assessed. Unsupervised hierarchical clustering was used to explore whether distinct immune phenotypes were present. Tumors from systemically inflamed patients (CRP >30 mg/l) displayed significantly more myeloid features in terms of higher densities of CD66b+neutrophils (p = 0.001) and CD68+macrophages (p = 0.04) and less lymphoid features (lower CD8 T cell, p = 0.03, and foxp3 regulatory T cell densities, p = 0.03) regardless of MMR status. Additionally, systemically inflamed patients harbored lower mean distances between neutrophils and tumor cells within the TME. Intriguingly, microsatellite instable (MSI) tumor status correlated with systemic inflammation. However, using a combinatorial approach, we found that regardless of an adaptive composite score (compounded CD4+ and CD8+ T cells), a high innate score (CD66b+ neutrophils and CD68+ macrophages) associated significantly with elevated CRP. In conclusion, tumor-associated systemic inflammation correlated with a myeloid-dominated TME in a small cohort of resectable CC patients. Our data highlight the importance of a comprehensive immune classification of tumors including players of innate immunity and support a role for CRP as an informative biomarker of the immune response taking place at the tumor site.
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Introduction

The crucial role of the immune system in tumor biology and clinical outcome across cancer types is by now well accepted (1). Tumor-associated inflammation has traditionally been referred to as either a systemic inflammatory response (SIR) or a localized in-situ immune infiltrate. SIR, as evidenced by circulating biomarkers such as the acute-phase protein C-reactive protein (CRP), has consistently been correlated with poor prognosis in many cancer types, including colon cancer (2–4). In contrast, a robust intra-tumoral lymphocyte infiltrate associates with favorable prognosis and seems predictive of response to both chemotherapy and immune checkpoint blockade (5, 6).

In colon cancer, the prognostic significance of tumor-infiltrating T-lymphocytes has been extensively validated by Immunoscore, which has shown prognostic superiority to the classical TNM staging (7–9). Based on this scoring system, the concept of “hot” (T-cell inflamed) and “cold” (no/little tumor infiltrating T-cells) tumors has emerged with accumulating studies using this T-cell-focused model for categorizing the immune landscape and predicting treatment outcome in a wide range of cancer types (10).

However, the immune infiltrate of most solid tumors is highly heterogeneous and dynamic (11). Apart from T-cells and other adaptive immune cells, it consists of innate immune cells such as neutrophils, macrophages, and dendritic cells, which together with fibroblasts, endothelial cells, and other stromal components constitute the complex tumor microenvironment (TME) (11, 12). Myeloid immune cells in particular exhibit remarkable plasticity with the ability to polarize into functionally distinct phenotypes either supporting or inhibiting tumor growth depending on the signals in the TME (13). Despite their possible dual roles in cancer development, most studies point toward a dominating tumor-promoting and immunosuppressive role of myeloid immune cells in the TME (13, 14).

Nevertheless, in the era of immune checkpoint blockade where preexisting T-cell-mediated immunity is key for therapeutic efficacy, the impact of innate immune cells on tumor progression and treatment outcome has been less appreciated. Furthermore, adding another layer of complexity, recent studies have highlighted the importance of characterizing the spatial distribution of immune cells within the tumor, to understand how tissue architecture and cellular interactions may shape the immune landscape (15, 16).

Given this diversity of the tumor-immune microenvironment in terms of various immune cell populations, their spatial organization, and the dual role they may play in cancer, it is desirable to identify biomarkers and develop diagnostic tools that reflect the inherent immunological status of tumors. Specifically, indications of either a myeloid- or lymphoid-dominated microenvironment and their respective immune-suppressive or stimulatory capacities may prove to be the cornerstone for allocating patients to the most appropriate treatment strategies.

The aim of this study was therefore to explore the immune contexture as a whole, featuring both adaptive and innate players in the TME of primary resected colon cancer patients with and without associated SIR. For this purpose, we developed a multiplex immunohistochemistry (mIHC)-based platform combining chromogenic IHC staining with digital whole-slide imaging enabling simultaneous detection of six different lymphoid and myeloid immune cells in addition to the immune checkpoint molecule PD-L1. Using this platform, we were able to characterize the immune landscape and assess spatial relationships in the TME of the primary tumors. We further extended the application by combining the mIHC data with clinical information to investigate whether SIR and local tumor-associated inflammation are related processes and explore the hypothesis that SIR correlates with a myeloid-driven immune landscape in colon cancer patients.



Materials and Methods


Patients and Tumor Specimens

Forty-three stage II and III colon cancer patients, consisting of 20 patients with CRP < 10 and 23 patients with CRP > 30 treated at Sørlandet Hospital, Kristiansand, Norway, were selected from a prospective local colorectal cancer database covering extensive clinical information and follow-up data. The choice of CRP values was based on previous work using identical CRP thresholds (2). All patients had been resected for their primary tumors between 2005 and 2015 as an elective procedure and neither had received antibiotics nor immunosuppressive drugs within the last month prior to surgery nor had been diagnosed with an autoimmune disease. CRP values were obtained up to 20 days before the resection.

Archived formalin-fixed, paraffin-embedded (FFPE) tumor tissues from the primary tumors were retrieved from the Department of Pathology, Sørlandet Hospital. Representative tumor blocks containing areas of both the invasive margin (IM) and tumor center (TC) were selected by a trained pathologist (MBN).

The study was conducted according to approvals from the Regional Ethics Committee.



Multiplex Immunohistochemistry Workflow

FFPE colon cancer blocks were cut into 3 mm thick sections and prepared for the IHC-staining protocol. All staining procedures were performed on the Ventana Discovery Ultra autostainer (Roche Diagnostics International AG, Switzerland).

First, tissue sections were deparaffinized using xylene and rehydrated with ethanol followed by heat-induced antigen retrieval and blocking endogenous peroxidase activity. Then, mIHC with two different panels of antibodies were applied on two serial tumor sections. The first panel consisted of a 5-plex termed the adaptive or lymphoid immune profile with primary antibodies against CD8 (cytotoxic T lymphocytes), CD4 (T-helper cells), foxp3 (regulatory T cells), CD20 (B lymphocytes), and pan-cytokeratin (pan-CK) as an epithelial tumor marker. The second IHC panel, a 4-plex termed the innate or myeloid immune profile, consisted of antibodies against CD68 (pan-macrophages), CD66b (neutrophils), pan-CK, and finally PD-L1. The multiplex staining process consisted of sequential staining rounds with primary and secondary antibodies (see Table S1 for details), without hematoxylin counterstaining to prevent mix of signals in the digital analysis. After accomplishing the multiplex IHC procedure, tumor sections stained with the innate immune panel were counterstained with hematoxylin for visualization of nuclei and tissue architecture. Three forms of controls were used to assure the staining quality of the multiplex: 1) comparison with single staining for each of the markers to check for cross-reactivity or loss of signal due to the multiplex procedure, 2) applying tonsil tissue as a “positive control” on each slide (consists of lympho-epithelial structures with cells positive for all of the markers included in the multiplex panels), and 3) mIHC staining of tumor tissue from lung (adenocarcinoma) for assay validation and grading of PD-L1 expression.



Digital Imaging and Automated Analysis of the Tumor Immune Microenvironment

After completion of the staining process, tumor sections were scanned as bright-field whole slides at ×20 magnification using a NanoZoomer 2.0 HT (Hamamatsu, Japan). Image analysis was performed using Visiopharm Integrator System software version 2019.02 (VIS; Visiopharm A/S, Hoersholm, Denmark).

As shown in Figure 1, the invasive margin (IM) and tumor center (TC) were manually outlined by an experienced pathologist (MBN) and the observer on hematoxylin-stained slides in the software. As for annotating the IM, we chose not to do that automatically using a predefined and fixed area measurement since the tumors showed considerable variability in size and range of tumor islets and stroma.




Figure 1 | Tumor regions and image acquisition. (A) Hematoxylin-stained whole slide of stage II colon cancer with annotated invasive margin, IM (red), and tumor center, TC (green). (B) Two multiplexed IHC-stained serial slides from the same tumor area visualizing adaptive and innate immune markers. IHC-stained slides were digitally aligned together with the hematoxylin-counterstained innate slide. (C) Automated digital analysis was applied enabling one virtual readout of the IHC-stained markers. Immune cells were quantified at the IM and TC separately and classified as either directly intra-tumoral or embedded in the stoma.



The two IHC-stained tumor sections and the hematoxylin-counterstained slide were scanned separately. Tumor slides were then digitally superimposed using an automated approach, but controlled and optimized manually, with the net effect of a single virtual slide capturing all seven immunostained markers with preserved tissue architecture.

Digital analysis was performed using applications within the software particularly developed for this material. For segmentation, we used a Bayesian classifier followed by different post-processing steps (primarily morphological operations and changes by area or surrounding) for optimizing the results. The preprocessed images in adaptive stains were based on color deconvolution of the chromogens DAB and silver in addition to features of the RGB color model. In innate stains, RGB and HSI models were utilized. The software-based classification of the immunostained markers was performed by assigning different pseudo-colors, enabling a visual output of the various immune markers within the tissue. Areas with mucin, artifacts, or tissue folds were manually excluded from the analysis.

Immune cell densities were estimated as area of positively stained cells per region of interest (ROI) in percent quantifying cells at the IM and TC separately. Immune cells were classified as either intra-tumoral (IT) if they were directly infiltrating the tumor nests or stromal (S) if they were located within the stromal spaces. In addition, we calculated two forms of a composite score: one with the sum of IT and S immune cells divided by the total area of the ROI of interest, and one where the area of tumor tissue was subtracted to adjust for differences in total amount of tumor tissue which potentially could dilute the true immune cell estimate. PD-L1 expression on tumor cells and immune cells (primarily CD68+ macrophages) was assessed separately. Composite lymphoid and myeloid immune scores were estimated by compounding the densities of CD8+ and CD4+ T cells for the lymphoid score and CD68+ macrophages (total score) and CD66b+ neutrophils for the myeloid score and categorized as high or low based upon the median value of the respective compounded scores.

Using pan-CK in the mIHC panels, distances between tumor- and immune cells of interest could be estimated enabling spatial characterizations. Two different types of spatial analysis were performed: 1) proximity analysis estimating the density of immune cells of interest within the defined distance of 20 micron around the tumor islets and 2) nearest neighbor analysis calculating the average distance between immune cells of interest and nearest tumor cell.

The tumor–stroma ratio was calculated by dividing the stromal area of the IM and TC by the total area of the two tumor compartments.



Microsatellite Instability Analysis

Assessment of mismatch repair (MMR status) was performed by IHC evaluation of MHL1, MSH2, MSH6, and PMS2 protein expression. Tumors that were negative in one or more of the four stainings or inconsistent with IHC were verified with the Idylla MSI test, which is a fast-track PCR-based assay for determining microsatellite status in colorectal cancer (17).



Statistical Analysis

Differences in clinicopathological data between CRP-high and -low patients were evaluated by Fisher’s exact test and the two-sample t-test. Immune markers were analyzed on the logarithmic scale to obtain a normal distribution. Associations between immune markers, CRP, and survival were analyzed by Fisher’s exact test. Pearson’s correlations were used to analyze the correlation between individual immune markers. Medians and means were compared using the Kruskal–Wallis test and the one-way ANOVA-test, respectively. The Aalen–Johansen method was used to estimate the risk of recurrence or death by colon cancer, adjusting for death of other causes as competing risk, and compared between CRP groups using the log-rank test. For estimating the lymphoid and myeloid composite scores, data were log-transformed and standardized before summing the score of the respective immune markers (CD8+/CD4+ T cells and CD68+ macrophages/CD66b+ neutrophils). To define subgroups in our cohort, unsupervised hierarchical clustering was performed. Heat maps and hierarchical clusters were generated in R studio version 4.0 based on the logarithmic scale of the immune markers standardized to mean zero and variance 1. Two-sided p-values < 0.05 were considered statistically significant for all analyses. Statistical analysis was performed using STATA software version 16.




Results

A total of 36 stage II and III colon cancer patients were finally included in this study. Excluded patients (n= 7) were due to compromised tumor tissue quality, weak IHC staining, or other technical issues with the multiplex assays. Patient and tumor characteristics are listed in Table 1. Systemically inflamed patients were older and tended to be more right sided. Of note, all patients in the CRP-low group (n=15) had stage II disease while this was the case for only half of the patients in the CRP-high group (n=21). Nine of the patients in the systemically inflamed group had microsatellite instable (MSI-high) tumors, whereas all non-inflamed patients had microsatellite stable (MSS) tumors. As expected from previous works (2, 18), systemically inflamed patients had statistically increased risk of recurrence or death by colon cancer (see Figure 2, p=0.047).


Table 1 | Patient and tumor characteristics in CRP high and -low colon cancer patients.






Figure 2 | Risk of recurrence or death from colon cancer in CRP high and low patients.




Multiplex IHC Reveals Substantial Intra- and Intertumoral Heterogeneity of Immune Infiltration in Colon Cancer Patients

Different patterns of immune infiltration both between and within tumors were present in our cohort. Representative images are shown in Figure 3. Some tumors exhibited rich immune infiltration of both the stroma and tumor islets while others had stromal compartments with a more patchy immune infiltrate. Finally, there were tumors with dense tumor tissue, sparse stroma, and modest immune infiltration. There was a trend toward a higher stromal component in systemically inflamed patients, but the tumor–stroma ratio (TSR) did not differ significantly between CRP-high and -low tumors (77 vs. 72%, respectively, p = 0.11).




Figure 3 | Representative images showing differential immune infiltration in colon cancer tissue. (A) Tumor exhibiting patchy immune infiltration consisting of areas with heavy infiltration combined with sparsely infiltrated areas. (B) Dense tumor tissue with sparse stroma and modest immune infiltration. (C) Highly immune infiltrated tumor with abundant immune cells located within both the tumor tissue and stromal spaces. All images are of the adaptive panel (CD8+ T cells, CD4+ T cells, CD4+foxp3 T cells, CD20+ B cells) of IHC-stained immune markers.



With the notable exception of CD66b+ neutrophils, all other immune cells were more prominent at the IM than in the TC with CD68+ macrophages and CD4+ T lymphocytes being the most abundant types of immune cells (Table S2). As illustrated in the correlation heat map of tumor-infiltrating immune cells in Figure 4, there was a generally low correlation between immune markers at the IM and TC (Figures 4A, B). However, several positive correlations existed among adaptive immune cells, particularly in the TC where CD8+ and CD4+ T cells showed a strong positive correlation. Innate immune cells, on the other hand, were less correlated. Most strikingly, neutrophils turned out to be independent of the presence of any other immune marker as no correlations were evident (Figure 4B).




Figure 4 | Correlations between immune markers in colon cancer patients. (A) Heatmap of Pearson correlation coefficients between individual immune markers at the invasive margin (IM) and tumor center (TC) based upon the combined tumor-infiltrating and stromal immune cell densities. Red color indicates strong positive correlation, blue indicates strong negative correlation, and white indicates no correlation. (B) Representative images of existing correlations. Left: tumor slide from the IM of a CRP-low MSS tumor stained with the adaptive IHC panel showing a strong correlation between adaptive immune cells, particularly CD8+ and CD4+ T cells. Middle: tumor slide from the TC of the same patient as in the left panel showing modest adaptive immune infiltration illustrating a low correlation between immune cells at the IM and TC. Right: tumor section stained with the innate IHC panel showing vigorous neutrophil infiltration, with no correlations with any other marker. *Combined tumor-infiltrating and stromal immune cell densities.





Exploring the Immune Infiltrate in CRP High and Low Colon Cancer Patients According to MSI Status

Based on the finding that MSI status associated with elevated CRP and that no patients in the CRP-low group had MSI-positive tumors, we evaluated the composition of the immune infiltrate in CRP-high and -low patients according to MSI status. As shown in Table 2, there were considerable differences in the pattern of immune infiltration between MSS and MSI-high tumors in the systemically inflamed group and MSS tumors in the non-inflamed group, particularly evident in the TC. Specifically, MSI-high tumors were characterized by significantly higher densities of CD8+ T lymphocytes, CD20+ B cells, and tumor-infiltrating CD4+ T cells as well as higher CD66b+ neutrophil and CD68+ macrophage densities and finally upregulation of PD-L1, predominantly expressed on myeloid immune cells (primarily CD68+ macrophages) infiltrating the tumor stroma and to a lesser extent on tumor cells. Interestingly, the density of foxp3 regulatory T cells also differed significantly among the three groups where CRP-low MSS tumors exhibited the highest proportion followed by MSI CRP-high tumors and finally MSS CRP-high tumors. Of note, MSS CRP-high tumors exhibited the lowest lymphoid cell densities and PD-L1 expression but were significantly more myeloid inflamed compared to MSS CRP-low tumors (Table 2).


Table 2 | Adaptive and innate immune markers in CRP-high and -low colon cancer patients according to MSI status.



Analyzing the CRP-high group as a whole, regardless of MSI status, high CD66b+ neutrophils (p=0.04 and 0.001 at the IM and TC, respectively) and high CD68+ macrophages (p=0.04 at the TC) remained significantly associated with elevated CRP in the univariate analysis, as shown in Table 3. In contrast, the adaptive immune markers CD8+ T lymphocytes (p = 0.03 at IM) and foxp3 regulatory T cells (p = 0.03 at TC) correlated inversely with high CRP.


Table 3 | Associations between selected immune markers and systemic inflammation in colon cancer patients.



Despite the relatively low number of events in our cohort, survival analyses were performed, as shown in Table S3. Of particular interest, CD68+ macrophages at the IM correlated with risk of death from colon cancer (39% (CI: 17–64) for high CD68+ versus 0% (CI: 0–19) for low CD68+, p = 0.008) whereas stromal CD20+ B cells at the TC correlated with risk of death from all causes (50% (CI: 25–75) for low CD20+ versus 13% (CI: 2–38) for high CD20+, p = 0.05). Neither neutrophils nor CD8+ T cells had prognostic impact in our cohort. Due to the small number of patients and few events, multivariate analyses were not performed on this material.



Systemic Inflammation Associates With a Myeloid Inflamed Tumor Microenvironment in CC Patients

We hypothesized that a combinatorial approach based on the expression of two or more immune markers rather than single-cell analysis better could elucidate potential correlations between distinct immune phenotypes and systemic inflammation. For that purpose, densities of CD4+ and CD8+ T- lymphocytes (termed the adaptive composite score) and CD68+ macrophages and CD66b+ neutrophils (termed the innate composite scores) were compounded and categorized as high or low based on the median of the combined scores. Interestingly, we found that regardless of the adaptive score, tumors with a high innate score had increased risk of elevated CRP (shown in Figure 5A). The scatter plot in Figure 5B depicting adaptive and innate composite scores in CRP-high and -low patients further supported this observation, suggesting that it is the presence of a myeloid-inflamed and not the absence of a lymphoid-inflamed TME that seems to be the driver of systemic inflammation. 




Figure 5 | Composite lymphoid and myeloid immune scores correlate differentially with systemic inflammation. (A) Median (range) CRP by myeloid vs. lymphoid composite immune scores. (B) Lymphoid and myeloid composite scores in CRP-high and -low patients. *Immune scores based upon directly tumor-infiltrating immune cell densities at the tumor center. Lymphoid composite score: compounded densities of CD8+T lymphocytes and CD4+T lymphocytes. Myeloid composite score: compounded densities of CD68+ macrophages (inclusive CD68PDL1+) and CD66b+ neutrophiles. **p-value obtained using the Kruskal–Wallis test comparing all four groups.





Different Immune Phenotypes Correlate With MSI Status and Systemic Inflammation

To further explore the concept of differential immune phenotypes, present in our cohort, hierarchical clustering was performed identifying subgroups of tumors with distinct immunological features. As shown in Figure 6, three clusters seemed to be present consisting of a subgroup of tumors predominantly lymphoid-inflamed, a subgroup that was more myeloid-inflamed, and a group of hyper-inflamed tumors with high densities of both lymphoid and myeloid immune cells. Additionally, we identified a small group of hypo-inflamed tumors with low numbers of both types of tumor-infiltrating immune cells. When adding information on CRP values and MSI status in the heat map, systemically inflamed MSI-positive tumors corresponded quite well with the group of hyper-inflamed tumors, whereas MSS CRP-high tumors corresponded with the ones being more myeloid and less lymphoid inflamed and, finally, MSS CRP-low tumors seemed either predominantly lymphoid or hypo-inflamed. Of note, none of the CRP-low tumors exhibited high scores of myeloid immune cells.




Figure 6 | Hierarchical cluster analysis of selected adaptive and innate immune markers in primary resected colon cancer patients. Heat map of unsupervised hierarchical clustering based upon the densities of tumor-infiltrating immune markers. Data were log-transformed to get a normal distribution, standardized to mean zero and variance 1. Information on CRP values; MSI and follow-up statuses were added to the dendrogram for visual interpretation after performing the cluster analysis. (A) Clustering based upon tumor-infiltrating immune cell densities and PD-L1 tumor expression. Red color indicates high density, blue low density of each immune marker. (B) Representative images from patients with the three predominant immune phenotypes present within our cohort. Upper panel: mIHC-stained tumor slides from a CRP low, MSS pt. with prominent lymphoid infiltration and modest myeloid immune infiltration. Middle panel: tumor slides from a CRP-high, MSS pt. showing predominant myeloid infiltration (almost exclusively CD66b+ neutrophils) and only marginal infiltration by lymphoid immune cells (CD4+ T cells only). Lower panel: tumor slides from a CRP-high, MSI-positive pt. being hyperinflamed with vigorous lymphoid and myeloid immune infiltration and high PD-L1 expression, predominantly expressed by CD68+ macrophages.





Spatial Distribution of Tumor Infiltrating Neutrophils Correlates With Systemic Inflammation

Given the assumption that the combined information on both the precise localization and density of immune cells reflects cell functionality and potential interactions taking place within the TME, we investigated the spatial distribution of CD8+ lymphocytes and CD66b+ neutrophils in CRP-high and -low patients. As shown in Figure 7, systemically inflamed tumors exhibited significantly higher density of neutrophils in close proximity to tumor nests compared with non-inflamed tumors (1.9% vs. 0.9%, respectively, p = 0.009). Moreover, there was a tendency toward lower mean distance between neutrophils and tumor cells in the systemically inflamed patients. We found no significant differences in the spatial distribution of CD8+ lymphocytes between CRP-high and -low tumors. Based on the proof-of-concept approach of the study, further spatial analyses were not performed on this material.




Figure 7 | Spatial distribution of CD8+T-cells and neutrophils in CRP-high and -low colon cancer patients. (A) Table showing median (range) of various spatial relationships. p-values were obtained using the Kruskal–Wallis test. (B) Close immune cells to the tumor area of either CD8+ T cells or CD66b+ neutrophils estimated by outlining 20 μm around tumor islet. (C) Nearest neighbor analysis estimating the average distance between immune cells of interest (either CD8+ T cells or CD66b+ neutrophils) and nearest tumor cells.






Discussion

In this study, we explored the tumor-immune microenvironment in colon cancer patients related to the presence of SIR, covering important players of both adaptive and innate immunity and their spatial distribution within the primary tumors. By analyzing the immune contexture in patients with and without accompanying SIR, we revealed upregulation of myeloid features in the TME from systemically inflamed patients. Specifically, and in line with our hypothesis, tumor-infiltrating neutrophils and macrophages associated with systemic inflammation. Most strikingly, we found that regardless of an adaptive composite score (compounded CD4+ and CD8+ T cells), a high innate score (compounded CD66b+ neutrophils and CD68+ macrophages) significantly increased the risk of elevated CRP, indicating that it is the presence of a myeloid-inflamed and not the absence of a lymphoid-inflamed TME that associates with systemic inflammation.

A strong impact of myeloid cells has also been demonstrated in a squamous head and neck cancer cohort revealing differential immune profiles, representing either lymphoid-, myeloid-, or hypo-inflamed tumors, where myeloid-enriched tumors associated with the shortest overall survival regardless of HPV status (19). Additionally, in a small validation cohort of pancreatic cancer patients receiving a neoadjuvant CSF vaccine, tumors seemed to cluster into two groups depending on the degree of myeloid inflammation, where again myeloid-dominated tumors correlated with the poorest clinical outcomes (19). Notably, the lymphocyte infiltration did not differ between the two groups, indicating a strong immunosuppressive role of myeloid cells potentially compromising effective antitumor immune responses. A detrimental effect of myeloid cells was also found in a recent study using a transgenic mouse model of HPV-derived cancers treated with a therapeutic vaccine alone or in combination with double immune checkpoint blockade (20). In this study, vaccination alone or in combination elicited neither tumor regression nor effective CD8+ responses due to the expansion of myeloid cells in peripheral lymphoid tissue, suggesting a systemic myeloid-driven immunosuppression impairing the efficacy of immunotherapy.

These results combined with the findings of our study highlight the strong role myeloid cells may play in the TME by creating an immunosuppressive state and even outperform the potential beneficial role of lymphoid cells and negatively affect prognosis. Although myeloid cells have been associated with poor survival and treatment outcome in several cancer types (21–24), their role in the TME remains to be fully understood and undervalued compared with the much more studied lymphoid cells (11, 14). Experimental studies have shown that both macrophages and neutrophils, being some of the most important players of innate immunity, may exhibit contradictory roles in cancer with both pro-tumoral and antitumoral properties depending on the immunological context (13, 25, 26). Major tumor-promoting and immunosuppressive functions of myeloid cells include release of growth factors such as MMP-9 and oncostatin M which induce upregulation of VEGF and HIF-2alpha pathways leading to neo-angiogenesis, hypoxia, and ultimately cancer invasiveness and progression (14, 27, 28). Moreover, myeloid cells have been shown to be crucial at all steps of the metastatic process (26, 29, 30). In addition to their direct tumor-promoting functions, both tumor-associated macrophages (TAMs) and tumor-associated neutrophils (TANs) may also suppress antitumor adaptive immune responses through the production of IL-10 and TGF-beta as well as the enzymes arginase 1 and IDO, which are detrimental for T cell-mediated immunity (13, 31).

It is particularly interesting to see what happens under circumstances of chronic wounding, which might be analogous to the situation of the colon where tumors can arise in relation to a chronically inflamed and often injured epithelium (32). Using a zebrafish melanoma model, it has been shown that neutrophils attracted to a wound are rapidly diverted to adjacent pre-neoplastic cells resulting in increased proliferation and melanoma formation (33).The corresponding clinical evidence for such a direct neutrophil-driven tumor growth has been further demonstrated in human melanoma where neutrophil density correlated strongly with increased proliferation and associated with poor melanoma-specific survival (33).

Altogether, these exciting findings support the notion that neutrophils may fuel and shape tumors and highlight innate immune cells as a therapeutic target for immunotherapeutic approaches (34).

By far, local and systemic tumor-associated inflammations have been regarded as separate processes with only few studies investigating their possible interrelationship (35–38). Similar to our findings, a recent study in all stages of CRC demonstrated a significant inverse relationship between high CRP (>10 mg/l) and foxp3 regulatory T cells, but no associations were detected for other immune cells including myeloid cell types. Of note and contrary to our findings, no significant relationship was found between MSI status and CRP except that all patients with CRP>75 mg/l had MSS tumors (39). However, the immune infiltration in this study was determined using TMAs. Based on the intratumoral heterogeneity observed in our material, it could be that the tissue sampling performed when preparing TMAs, being snapshots of the tumor, is not representative of the global immune cell infiltration and may in part explain the lack of association. Additionally, this study also included rectal cancer patients which have been shown to be less systemically inflamed and might represent another tumor entity when it comes to the inflammatory tumor reaction (40).

An intriguing and initially surprising finding of our study was the significant association between positive MSI status and systemic inflammation. Given the good prognosis related to MSI in early-stage colon cancer and the poor prognosis related to the SIR, one might rather expect an inverse or no association between the two entities. Nevertheless, we found that MSI CRP-high tumors not only were hyper-inflamed in terms of considerable lymphoid inflammation that previously has been shown to accompany MSI-positive tumors, but also were highly infiltrated by myeloid immune cells, particularly neutrophils. Moreover, MSI-high tumors exhibited upregulation of PD-L1, predominantly expressed by myeloid immune cells infiltrating the tumor stroma and to a lesser extent by the tumor cells themselves. This observation stands in contrast to other tumor types such as lung, bladder, and kidney cancer, where tumor PD-L1 expression is a common feature (41). However, consistent with our findings, a study by Llosa et al. demonstrated much higher levels of PD-L1 expression in MSI compared to MSS tumors, almost exclusively expressed by tumor-infiltrating myeloid cells and not the tumor cells (42). Indeed, our findings need to be further explored in a larger dataset, but a working hypothesis could be that MSI tumors accompanied by systemic inflammation exhibit a highly myeloid immune infiltrated TME resulting in an immunosuppressive state either caused by 1) a compensatory upregulation of immune checkpoints stimulated by preexisting cytokines such as IFN-gamma following the MSI-induced active immune microenvironment leading to a functional exhaustion of the T cells or 2) direct immunosuppressive and tumor-promoting effects exerted by the myeloid cells themselves. In either way or both, such myeloid-dependent immunosuppression might counterbalance the potential beneficial effects of the lymphoid immune infiltration and blunt effective antitumor immune responses, at least without immune checkpoint inhibition.

In an effort to decipher the complex TME and variable treatment outcomes to immunotherapy, emerging studies take into context the spatial aspect of the tumor immune landscape (16, 43, 44). Recent data point toward both prognostic and predictive values of proximity analyses, in terms of measurement of the exact localization and distances between tumor and immune cells, suggesting that spatial patterns reflect cell functionality and clinically meaningful tumor–host interactions taking place within the TME (45–47). Notably, in our study we found that systemically inflamed patients had significantly more neutrophils in close proximity to tumor cells as compared to non-inflamed patients whereas no differences in the spatial features of CD8+ T cells could be detected. Again, this finding supports the hypothesis that myeloid inflammation and neutrophils in particular play a critical role in the context of SIR in CC. Additionally, it adds to the argumentation for preferring whole slides over TMAs enabling a more comprehensive mapping of the immune context of tumors (48).

Our study has several limitations. Due to the proof-of concept design, it covers a limited patient series. Thus, our findings need to be tested in a larger dataset before biologic conclusions can be drawn. We plan to enrich the cohort for confirmation and further analyses to expand our understanding of how systemic inflammation and localized tumor-associated inflammation influence each other. Another limitation owing to the IHC itself is the challenge of characterizing functional phenotypes. Myeloid cells exhibit a high degree of plasticity displaying a continuum of polarization states being more or less immuno-suppressive or stimulatory. This dynamic diversity is difficult to capture with IHC antibodies directed toward one or two fixed cell markers (28). Although we performed spatial analyses as a pseudo marker of cell functionality, the precise identification of the multitude of polarization states that seem to exist for myeloid cells cannot be truly captured by current IHC techniques (49).

Taken together, our data highlight the importance of a broader and more comprehensive immune characterization of tumors covering both lymphoid and myeloid cell populations. The concept of hot and cold tumors, categorizing tumors based on the infiltration of T cells, has been widely used to inform patient prognosis and predict immunotherapeutic efficacy (50). Within recent years, this simplistic classification has been refined acknowledging the complexity and heterogeneity of the immune infiltrate of tumors with the introduction of four distinct immune subgroups: hot, altered-excluded, altered-immunosuppressed, and cold (51). However, this approach is still mainly focusing on T-cell infiltration without further characterizing other cell populations such as myeloid immune cells. Our findings, supported by others, demonstrate the potential limitations of such a T cell-focused classification, indicating that “hot tumors” can be so much more than just “T cell inflamed.” We hypothesize that a vigorous myeloid-inflamed TME might counterbalance the beneficial and potential tumor-suppressive effect of a strong lymphoid immune infiltrate and negatively affect antitumor immunity. Accordingly, we propose that strategies of converting “cold tumors to hot” also should include efforts of targeting the myeloid-derived immunosuppression before harnessing T cell-mediated antitumor immune responses.

In conclusion, we herein provide a framework for expanding our understanding of the immune landscape in CC and explore the role of CRP as a systemic and informative biomarker of the immune responses taking place at the tumor site. Further deciphering distinct immune phenotypes and spatial features that associate with systemic inflammation may improve our understanding of inherent immune responses in CC and hold critical implications for therapeutic approaches.



Data Availability Statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author. 



Ethics Statement

The studies involving human participants were reviewed and approved by the Regional Committees for Medical and Health Research Ethics (REC) South East. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements. 



Author Contributions

AK, the first author, has performed lab work, planned and performed digital analyses, participated in statistics together with EP, written the draft for the manuscript, and driven the scientific discussions. PN assisted in performing, optimizing, and interpreting digital imaging. JG planned and performed laboratory work. MN reviewed and annotated tumor regions from FFPE tissue blocks and evaluated the MMR IHC-analysis. TS and CK participated in methodological and scientific discussions and had the main ideas behind the study. All authors have reviewed and commented the manuscript during the process and before submission. All authors contributed to the article and approved the submitted version. 



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.716342/full#supplementary-material



References

1. Hanahan, D, and Weinberg, RA. Hallmarks of Cancer: The Next Generation. Cell (2011) 144(5):646–74. doi: 10.1016/j.cell.2011.02.013

2. Kersten, C, Louhimo, J, Algars, A, Lahdesmaki, A, Cvancerova, M, Stenstedt, K, et al. Increased C-Reactive Protein Implies a Poorer Stage-Specific Prognosis in Colon Cancer. Acta Oncol (2013) 52(8):1691–8. doi: 10.3109/0284186X.2013.835494

3. Shrotriya, S, Walsh, D, Nowacki, AS, Lorton, C, Aktas, A, Hullihen, B, et al. Serum C-Reactive Protein Is an Important and Powerful Prognostic Biomarker in Most Adult Solid Tumors. PloS One (2018) 13(8):e0202555. doi: 10.1371/journal.pone.0202555

4. Kostner, AH, Kersten, C, Lowenmark, T, Ydsten, KA, Peltonen, R, Isoniemi, H, et al. The Prognostic Role of Systemic Inflammation in Patients Undergoing Resection of Colorectal Liver Metastases: C-Reactive Protein (CRP) Is a Strong Negative Prognostic Biomarker. J Surg Oncol (2016) 114(7):895–9. doi: 10.1002/jso.24415

5. Bindea, G, Mlecnik, B, Fridman, WH, Pages, F, and Galon, J. Natural Immunity to Cancer in Humans. Curr Opin Immunol (2010) 22(2):215–22. doi: 10.1016/j.coi.2010.02.006

6. Idos, GE, Kwok, J, Bonthala, N, Kysh, L, Gruber, SB, and Qu, C. The Prognostic Implications of Tumor Infiltrating Lymphocytes in Colorectal Cancer: A Systematic Review and Meta-Analysis. Sci Rep (2020) 10(1):3360. doi: 10.1038/s41598-020-60255-4

7. Galon, J, Mlecnik, B, Bindea, G, Angell, HK, Berger, A, Lagorce, C, et al. Towards the Introduction of the ‘Immunoscore’ in the Classification of Malignant Tumours. J Pathol (2014) 232(2):199–209. doi: 10.1002/path.4287

8. Galon, J, Pages, F, Marincola, FM, Angell, HK, Thurin, M, Lugli, A, et al. Cancer Classification Using the Immunoscore: A Worldwide Task Force. J Transl Med (2012) 10:205. doi: 10.1186/1479-5876-10-205

9. Mlecnik, B, Bindea, G, Angell, HK, Maby, P, Angelova, M, Tougeron, D, et al. Integrative Analyses of Colorectal Cancer Show Immunoscore Is a Stronger Predictor of Patient Survival Than Microsatellite Instability. Immunity (2016) 44(3):698–711. doi: 10.1016/j.immuni.2016.02.025

10. Duan, Q, Zhang, H, Zheng, J, and Zhang, L. Turning Cold Into Hot: Firing Up the Tumor Microenvironment. Trends Cancer (2020) 6(7):605–18. doi: 10.1016/j.trecan.2020.02.022

11. Fridman, WH, Pagès, F, Sautès-Fridman, C, and Galon, J. The Immune Contexture in Human Tumours: Impact on Clinical Outcome. Nat Rev Cancer (2012) 12(4):298–306. doi: 10.1038/nrc3245

12. Binnewies, M, Roberts, EW, Kersten, K, Chan, V, Fearon, DF, Merad, M, et al. Understanding the Tumor Immune Microenvironment (TIME) for Effective Therapy. Nat Med (2018) 24(5):541–50. doi: 10.1038/s41591-018-0014-x

13. Keeley, T, Costanzo-Garvey, DL, and Cook, LM. Unmasking the Many Faces of Tumor-Associated Neutrophils and Macrophages: Considerations for Targeting Innate Immune Cells in Cancer. Trends Cancer (2019) 5(12):789–98. doi: 10.1016/j.trecan.2019.10.013

14. Powell, DR, and Huttenlocher, A. Neutrophils in the Tumor Microenvironment. Trends Immunol (2016) 37(1):41–52. doi: 10.1016/j.it.2015.11.008

15. Bindea, G, Mlecnik, B, Tosolini, M, Kirilovsky, A, Waldner, M, Obenauf, AC, et al. Spatiotemporal Dynamics of Intratumoral Immune Cells Reveal the Immune Landscape in Human Cancer. Immunity (2013) 39(4):782–95. doi: 10.1016/j.immuni.2013.10.003

16. Saylor, J, Ma, Z, Goodridge, HS, Huang, F, Cress, AE, Pandol, SJ, et al. Spatial Mapping of Myeloid Cells and Macrophages by Multiplexed Tissue Staining. Front Immunol (2018) 9:2925. doi: 10.3389/fimmu.2018.02925

17. Craene, BD, Velde, JD, Rondelez, E, Vandenbroeck, L, Peeters, K, Vanhoey, T, et al. Detection of Microsatellite Instability (MSI) in Colorectal Cancer Samples With a Novel Set of Highly Sensitive Markers by Means of the Idylla MSI Test Prototype. J Clin Oncol (2018) 36(15_suppl):e15639. doi: 10.1200/JCO.2018.36.15_suppl.e15639

18. Park, JH, Fuglestad, AJ, Kostner, AH, Oliwa, A, Graham, J, Horgan, PG, et al. Systemic Inflammation and Outcome in 2295 Patients With Stage I-III Colorectal Cancer From Scotland and Norway: First Results From the ScotScan Colorectal Cancer Group. Ann Surg Oncol (2020) 27(8):2784–94. doi: 10.1245/s10434-020-08268-1

19. Tsujikawa, T, Kumar, S, Borkar, RN, Azimi, V, Thibault, G, Chang, YH, et al. Quantitative Multiplex Immunohistochemistry Reveals Myeloid-Inflamed Tumor-Immune Complexity Associated With Poor Prognosis. Cell Rep (2017) 19(1):203–17. doi: 10.1016/j.celrep.2017.03.037

20. Galliverti, G, Wullschleger, S, Tichet, M, Murugan, D, Zangger, N, Horton, W, et al. Myeloid Cells Orchestrate Systemic Immunosuppression, Impairing the Efficacy of Immunotherapy Against HPV(+) Cancers. Cancer Immunol Res (2020) 8(1):131–45. doi: 10.1158/2326-6066.Cir-19-0315

21. Fridman, WH, Zitvogel, L, Sautes-Fridman, C, and Kroemer, G. The Immune Contexture in Cancer Prognosis and Treatment. Nat Rev Clin Oncol (2017) 14(12):717–34. doi: 10.1038/nrclinonc.2017.101

22. Gentles, AJ, Newman, AM, Liu, CL, Bratman, SV, Feng, W, Kim, D, et al. The Prognostic Landscape of Genes and Infiltrating Immune Cells Across Human Cancers. Nat Med (2015) 21(8):938–45. doi: 10.1038/nm.3909

23. Roderburg, C, Wree, A, Demir, M, Schmelzle, M, and Tacke, F. The Role of the Innate Immune System in the Development and Treatment of Hepatocellular Carcinoma. Hepat Oncol (2020) 7(1):HEP17. doi: 10.2217/hep-2019-0007

24. Ino, Y, Yamazaki-Itoh, R, Shimada, K, Iwasaki, M, Kosuge, T, Kanai, Y, et al. Immune Cell Infiltration as an Indicator of the Immune Microenvironment of Pancreatic Cancer. Br J Cancer (2013) 108(4):914–23. doi: 10.1038/bjc.2013.32

25. Nakamura, K, and Smyth, MJ. Myeloid Immunosuppression and Immune Checkpoints in the Tumor Microenvironment. Cell Mol Immunol (2020) 17(1):1–12. doi: 10.1038/s41423-019-0306-1

26. Mollinedo, F. Neutrophil Degranulation, Plasticity, and Cancer Metastasis. Trends Immunol (2019) 40(3):228–42. doi: 10.1016/j.it.2019.01.006

27. Toh, B, Toh, B, Abastado, JP, and Abastado, JP. Myeloid Cells: Prime Drivers of Tumor Progression. Oncoimmunology (2012) 1(8):1360–7. doi: 10.4161/onci.22196

28. Guerriero, JL. Macrophages: The Road Less Traveled, Changing Anticancer Therapy. Trends Mol Med (2018) 24(5):472–89. doi: 10.1016/j.molmed.2018.03.006

29. Saini, M, Szczerba, BM, and Aceto, N. Circulating Tumor Cell-Neutrophil Tango Along the Metastatic Process. Cancer Res (2019) 79(24):6067–73. doi: 10.1158/0008-5472.CAN-19-1972

30. Kitamura, T, Qian, BZ, and Pollard, JW. Immune Cell Promotion of Metastasis. Nat Rev Immunol (2015) 15(2):73–86. doi: 10.1038/nri3789

31. Coffelt, SB, Wellenstein, MD, and de Visser, KE. Neutrophils in Cancer: Neutral No More. Nat Rev Cancer (2016) 16(7):431–46. doi: 10.1038/nrc.2016.52

32. Terzic, J, Grivennikov, S, Karin, E, and Karin, M. Inflammation and Colon Cancer. Gastroenterology (2010) 138(6):2101–14.e5. doi: 10.1053/j.gastro.2010.01.058

33. Antonio, N, Bonnelykke-Behrndtz, ML, Ward, LC, Collin, J, Christensen, IJ, Steiniche, T, et al. The Wound Inflammatory Response Exacerbates Growth of Pre-Neoplastic Cells and Progression to Cancer. EMBO J (2015) 34(17):2219–36. doi: 10.15252/embj.201490147

34. Medina-Echeverz, J, Aranda, F, and Berraondo, P. Myeloid-Derived Cells Are Key Targets of Tumor Immunotherapy. Oncoimmunology (2014) 3:e28398. doi: 10.4161/onci.28398

35. Choi, Y, Kim, JW, Nam, KH, Han, S-H, Kim, J-W, Ahn, S-H, et al. Systemic Inflammation Is Associated With the Density of Immune Cells in the Tumor Microenvironment of Gastric Cancer. Gastric Cancer (2017) 20(4):602–11. doi: 10.1007/s10120-016-0642-0

36. Park, JH, Powell, AG, Roxburgh, CS, Horgan, PG, McMillan, DC, and Edwards, J. Mismatch Repair Status in Patients With Primary Operable Colorectal Cancer: Associations With the Local and Systemic Tumour Environment. Br J Cancer (2016) 114(5):562–70. doi: 10.1038/bjc.2016.17

37. Turner, N, Wong, HL, Templeton, A, Tripathy, S, Whiti Rogers, T, Croxford, M, et al. Analysis of Local Chronic Inflammatory Cell Infiltrate Combined With Systemic Inflammation Improves Prognostication in Stage II Colon Cancer Independent of Standard Clinicopathologic Criteria. Int J Cancer (2016) 138(3):671–8. doi: 10.1002/ijc.29805

38. Romero-Cordoba, S, Meneghini, E, Sant, M, Iorio, MV, Sfondrini, L, Paolini, B, et al. Decoding Immune Heterogeneity of Triple Negative Breast Cancer and Its Association With Systemic Inflammation. Cancers (Basel) (2019) 11(7):911. doi: 10.3390/cancers11070911

39. Gunnarsson, U, Strigård, K, Edin, S, Gkekas, I, Mustonen, H, Kaprio, T, et al. Association Between Local Immune Cell Infiltration, Mismatch Repair Status and Systemic Inflammatory Response in Colorectal Cancer. J Trans Med (2020) 18(1):178. doi: 10.1186/s12967-020-02336-6

40. Nielsen, HJ, Christensen, IJ, Sørensen, S, Moesgaard, F, Brünner, N, and The, RCCSG. Preoperative Plasma Plasminogen Activator Inhibitor Type-1 and Serum C-Reactive Protein Levels in Patients With Colorectal Cancer. Ann Surg Oncol (2000) 7(8):617–23. doi: 10.1007/BF02725342

41. Taube, JM, Klein, A, Brahmer, JR, Xu, H, Pan, X, Kim, JH, et al. Association of PD-1, PD-1 Ligands, and Other Features of the Tumor Immune Microenvironment With Response to Anti-PD-1 Therapy. Clin Cancer Res (2014) 20(19):5064–74. doi: 10.1158/1078-0432.Ccr-13-3271

42. Llosa, NJ, Cruise, M, Tam, A, Wicks, EC, Hechenbleikner, EM, Taube, JM, et al. The Vigorous Immune Microenvironment of Microsatellite Instable Colon Cancer Is Balanced by Multiple Counter-Inhibitory Checkpoints. Cancer Discov (2015) 5(1):43–51. doi: 10.1158/2159-8290.Cd-14-0863

43. Barnes, TA, and Amir, E. HYPE or HOPE: The Prognostic Value of Infiltrating Immune Cells in Cancer. Br J Cancer (2017) 117(4):451–60. doi: 10.1038/bjc.2017.220

44. Heindl, A, Nawaz, S, and Yuan, Y. Mapping Spatial Heterogeneity in the Tumor Microenvironment: A New Era for Digital Pathology. Lab Invest (2015) 95(4):377–84. doi: 10.1038/labinvest.2014.155

45. Mezheyeuski, A, Bergsland, CH, Backman, M, Djureinovic, D, Sjoblom, T, Bruun, J, et al. Multispectral Imaging for Quantitative and Compartment-Specific Immune Infiltrates Reveals Distinct Immune Profiles That Classify Lung Cancer Patients. J Pathol (2018) 244(4):421–31. doi: 10.1002/path.5026

46. Berthel, A, Zoernig, I, Valous, NA, Kahlert, C, Klupp, F, Ulrich, A, et al. Detailed Resolution Analysis Reveals Spatial T Cell Heterogeneity in the Invasive Margin of Colorectal Cancer Liver Metastases Associated With Improved Survival. OncoImmunology (2017) 6(3):e1286436. doi: 10.1080/2162402X.2017.1286436

47. Gide, TN, Silva, IP, Quek, C, Ahmed, T, Menzies, AM, Carlino, MS, et al. Close Proximity of Immune and Tumor Cells Underlies Response to Anti-PD-1 Based Therapies in Metastatic Melanoma Patients. OncoImmunology (2020) 9(1):1659093. doi: 10.1080/2162402X.2019.1659093

48. Hofman, P, Badoual, C, Henderson, F, Berland, L, Hamila, M, Long-Mira, E, et al. Multiplexed Immunohistochemistry for Molecular and Immune Profiling in Lung Cancer-Just About Ready for Prime-Time? Cancers (2019) 11(3):283. doi: 10.3390/cancers11030283

49. Taube, JM, Akturk, G, Angelo, M, Engle, EL, Gnjatic, S, Greenbaum, S, et al. The Society for Immunotherapy of Cancer Statement on Best Practices for Multiplex Immunohistochemistry (IHC) and Immunofluorescence (IF) Staining and Validation. J Immunother Cancer (2020) 8(1):e000155. doi: 10.1136/jitc-2019-000155

50. Bonaventura, P, Shekarian, T, Alcazer, V, Valladeau-Guilemond, J, Valsesia-Wittmann, S, Amigorena, S, et al. Cold Tumors: A Therapeutic Challenge for Immunotherapy. Front Immunol (2019) 10:168. doi: 10.3389/fimmu.2019.00168

51. Galon, J, and Bruni, D. Approaches to Treat Immune Hot, Altered and Cold Tumours With Combination Immunotherapies. Nat Rev Drug Discov (2019) 18(3):197–218. doi: 10.1038/s41573-018-0007-y




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 © 2021 Køstner, Nielsen, Georgsen, Parner, Nielsen, Kersten and Steiniche. 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: 15 September 2021

doi: 10.3389/fonc.2021.706915

[image: image2]


A Novel Nine-lncRNA Risk Signature Correlates With Immunotherapy in Hepatocellular Carcinoma


Ye Nie 1,2†, Jianhui Li 1,2†, Wenlong Wu 2†, Dongnan Guo 3, Xinjun Lei 1,2, Tianchen Zhang 1,2, Yanfang Wang 1,2, Zhenzhen Mao 1,2, Xuan Zhang 2 and Wenjie Song 2*


1 Xi’an Medical University, Xi’an, China, 2 Department of Hepatobiliary Surgery, Xijing Hospital, The Fourth Military Medical University, Xi’an, China, 3 School of Pharmacy, Health Science Center, Xi’an Jiaotong University, Xi’an, China




Edited by: 

Rifat Hamoudi, University of Sharjah, United Arab Emirates

Reviewed by: 

Bernd Heinrich, National Institutes of Health (NIH), United States

Leifeng Chen, Second Affiliated Hospital of Nanchang University, China

*Correspondence: 

Wenjie Song
 surgeon2002@163.com


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


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








Received: 13 May 2021

Accepted: 24 August 2021

Published: 15 September 2021

Citation:
Nie Y, Li J, Wu W, Guo D, Lei X, Zhang T, Wang Y, Mao Z, Zhang X and Song W (2021) A Novel Nine-lncRNA Risk Signature Correlates With Immunotherapy in Hepatocellular Carcinoma. Front. Oncol. 11:706915. doi: 10.3389/fonc.2021.706915




Background

Hepatocellular carcinoma is one of the most common malignant tumors with a very high mortality rate. The emergence of immunotherapy has brought hope for the cure of hepatocellular carcinoma. Only a small number of patients respond to immune checkpoint inhibitors, and ferroptosis and tertiary lymphoid structure contribute to the increased response rate of immune checkpoint inhibitors; thus, we first need to identify those who are sensitive to immunotherapy and then develop different methods to improve sensitivity for different groups.



Methods

The sequencing data of hepatocellular carcinoma from The Cancer Genome Atlas and Gene Expression Omnibus was downloaded to identify the immune-related long non-coding RNAs (lncRNAs). LncRNAs related to survival data were screened out, and a risk signature was established using Cox proportional hazard regression model. R software was used to calculate the riskScore of each patient, and the patients were divided into high- and low-risk groups. The prognostic value of riskScore and its application in clinical chemotherapeutic drugs were confirmed. The relationship between riskScore and immune checkpoint genes, ferroptosis genes, and genes related to tertiary lymphoid structure formation was analyzed by Spearman method. TIMER, CIBERSORT, ssGSEA, and ImmuCellAI were used to evaluate the relative number of lymphocytes in tumor. The Wilcoxon signed-rank test confirmed differences in immunophenoscore between the high- and low-risk groups.



Results

Data analysis revealed that our signature could well predict the 1-, 2-, 3-, and 5-year survival rates of hepatocellular carcinoma and to predict susceptible populations with Sorafenib. The risk signature were significantly correlated with immune checkpoint genes, ferroptosis genes, and tertiary lymphoid structure-forming genes, and predicted tumor-infiltrating lymphocyte status. There was a significant difference in IPS scores between the low-risk group and the high-risk group, while the low-risk group had higher scores.



Conclusion

The riskScore obtained from an immune-related lncRNA signature could successfully predict the survival time and reflect the efficacy of immune checkpoint inhibitors. More importantly, it is possible to select different treatments for different hepatocellular carcinoma patients that increase the response rate of immune checkpoint inhibitors and will help improve the individualized treatment of hepatocellular carcinoma.
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Introduction

Hepatocellular carcinoma (HCC) ranks the fourth in mortality among malignant tumors (1). Viral infection, aflatoxin exposure, smoking, and heavy alcohol consumption are common pathogenic factors leading to HCC (2). Areas including North and West part of Africa and East Southeast part of Asia have a high incidence of HCCs (3, 4). In China, the 5-year survival rate is <14.1% (5). The late onset of symptoms of HCCs makes early diagnosis difficult, and at the time of diagnosis, only one-third of patients are eligible for radical excision (6). The high recurrence rate and short survival time even after surgery indicate the urgent need for the development of precise individualized HCC treatment (7). Compared with traditional treatment, the application of immune checkpoint inhibitors (ICI) (anti-PD1, anti-PD-L1, and anti-CTLA4) has shown better prognostic value in the treatment of several tumors (8–10). At present, nivolumab and pembrolizumab have been used in the clinical treatment of HCC (11). In many cancers therapies, immunotherapy has become a hotspot treatment and is also the most likely treatment plan to achieve long-term survival. The main characteristics of immunotherapy are activation of tumor-infiltrating lymphocytes (TILs), killing of tumor cells, and inhibition of tumor metastasis and recurrence. However, a disadvantage of immunotherapy is that only a few people respond to ICI treatment. Therefore, research on the tumor microenvironment (TME) and tertiary lymphoid structure (TLS) is particularly important (12–14). Understanding the tumor microenvironment, especially TLS, will help boost ICI response rates (14). Only 40% of patients with HCC have TLS. TLS, which refers to the aggregation of lymphocytes in the tumor and at the edge of tumor invasion, has a function similar to lymph node and is an important part of the TME (15). In the future, ICI combined with TLS may be a key way to cure tumors.

Ferroptosis is a newly discovered process of apoptosis, which is closely related to iron metabolism (16). Studies show that ferroptosis can improve the immunotherapy response and inhibit tumor progression (17). ICI combined with ferroptosis-targeted therapy represents a new strategy to prolong the survival time of patients with HCC (18), and it has the potential to cure tumors.

Long non-coding RNAs (lncRNAs) does not have the function of coding protein, and the base length of genome is transcribed into noncoding RNAs, most of which have a great impact on the biological function of cells (19). Different lncRNAs play various roles in cell metabolism, such as promoting cancer growth, suppressing tumor growth, regulating immune responses, and enhancing the tumor infiltrating lymphocytes (20). For example, lncRNA CYTOR upregulates the expression of oncogene KIAA1522, which in turn affects the proliferation, apoptosis, and cell cycle of HCC cells (21).

The current problem of immunotherapy is that the response rate is low. In the face of this problem, we first need to find out the population with high sensitivity and then develop different methods to improve sensitivity for different groups, so as to achieve the effect of long-term survival or tumor cure. Therefore, we used multiple immune-related lncRNAs (irlncRNAs) from the Cancer Genome Atlas (TCGA) database to solve the problem. Our findings lay the foundation for the precise treatment of HCC so that more patients with HCC can benefit.



Materials and Methods


Data Download, Preparation, and Screening

HCC transcriptome data and corresponding clinical data were retrieved from the TCGA (https://portal.gdc.cancer.gov/), and immune-related gene sets were obtained from the gene set enrichment analysis (GSEA) (M19817 and M13664) (https://www.gsea-msigdb.org/). The irlncRNAs were identified by Spearman correlation test. Then, irlncRNAs associated with survival time were screened (p < 0.05). Patients with HCC whose survival time was <30 days and whose survival time was uncertain were excluded, leaving data from 343 patients for analysis, and the patients were randomly divided into a training set and a test set. In addition, 59 HCC transcriptome data (GSE40144) from the Gene Expression Omnibus (GEO) database was downloaded (https://www.ncbi.nlm.nih.gov/), as an external validation set.



Construction of the Signature

LncRNAs associated with survival time were identified by the Cox proportional hazard regression model. The Akaike Information Criterion (AIC) was used to fit the optimal signature. The result with the lowest AIC value was selected to build the signature. RiskScore = expression(A) × cof(A) + expression(B) × cof(B) + …expression(n) × cof(n).



Test of the Prediction Ability of the Signature

Kaplan–Meier survival curves were used to compare the survival times between the two groups, and multi-index receiver operating characteristic (ROC) curves were drawn to verify the ability of the signature to predict prognosis. Risk curves, survival status distribution maps, and heatmaps of the risk gene expression profiles were generated to further examine the reliability of the signature.



Analysis of Clinicopathological Parameters

The pathological parameters were analyzed by Cox regression analysis. At the same time, the Wilcoxon signed-rank test was used to evaluate whether the riskScore was different among the groups of pathological parameters, and the chi-square test was used to analyze the relationship between clinicopathological parameters and the signature.



Enrichment Analysis

Messenger RNAs (mRNAs) associated with risk genes were screened according to the principle of coexpression, and then STRING was used to analyze the interaction between coexpressed genes (https://string-db.org/). Finally, to understand the carcinogenic mechanism of disease risk genes, R software (4.0.1 version) was used for GO and KEGG pathway enrichment analyses. In addition, we used GSEA software to explore the role of risk genes in immunity (p < 0.05).



Relationship Between the Signature and Clinical Treatment

To clarify the role of the signature in clinical treatment, the IC50 values of commonly used chemotherapeutic drugs were evaluated using high-throughput sequencing data of HCC in TCGA. The American Joint Committee on Cancer (AJCC) guidelines recommend the use of vincristine, cisplatin, and sorafenib in the treatment of HCC. The Wilcoxon signed-rank test was used to compare the differences between the two groups. Visualization of the results was performed using pRRophetic and ggplot2.



Analysis of TILs

To determine whether the signature is associated with lymphocyte infiltration, we used the currently recognized online analysis websites TIMER (https://cistrome.shinyapps.io/timer/), CIBERSORT (http://cibersort.stanford.edu/), ssGSEA, and ImmuCellAI (http://bioinfo.life.hust.edu.cn) to calculate the degree of tumor lymphocyte infiltration in each sample. The correlation between the riskScore and TILs was tested by the Spearman test. The CIBERSORT results were used to evaluate the associations among TILs using Spearman analysis.



Analysis of the Clinical Relevance of Immunotherapy

The immunophenoscore is calculated based on the expression of various important immune molecules in the TME, including major histocompatibility complex (MHC) molecules, immune regulatory factors, effector cells, and suppressor cells, which can well reflect the response rate of ICI. In addition, immune checkpoint gene expression is associated with the response to ICI; therefore, we analyzed the correlation among immune checkpoint genes and the IPS and the signature.



Analysis of Genes Related to TLS Formation

The TLS helps to improve the immunotherapy response rate, so we explored whether genes related to TLS formation (CCL2, CCL3, CCL4, CCL5, CCL8, CCL18, CCL19, CCL21, CXCL9, CXCL10, CXCL11, CXCL13, and IL7) were associated with the signature.



Analysis of Ferroptosis-Related Genes

Ferroptosis-related genes were collected from the GSEA database (M39768), and genes associated with survival (p < 0.05) were selected for further analysis.



Statistical Analysis

All statistical analysis and plots were performed with R (R x64 4.0.3 version; https://www.r-project.org/). A p-value <0.05 was statistically significant. Difference analysis between two groups used Wilcoxon rank sum test. Relation analysis was identified by Spearman correlation analysis. Survival analysis was visualized by K–M curves and determined by log-rank test. Related R packages included “ggplot2,” “edgeR,” “ggpubr,” “survival,” “GSEABase,” and “GSVA.”




Results


Identification of Immune-Related LncRNAs Associated With Overall Survival Time

TCGA transcriptome data included 50 normal cases and 374 patients with HCC. A total of 14,121 noncoding RNAs and 19,628 mRNAs were obtained. A total of 1,327 irlncRNAs (R > 0.4, p < 0.001) were obtained by Spearman correlation analysis, of which 250 had significant effects on survival time (p < 0.05) (Figure 1A).




Figure 1 | (A) The lncRNAs used to build the signature and the ability of the signature to predict the survival time. (B) LncRNAs associated with survival time. (C) The predictive ability of the signature for 1, 2, 3, and 5 years.





Signature Identification

We selected 73 irlncRNAs (Figure 1B) associated with survival (p < 0.0002) for Cox proportional hazard regression model screening. Finally, nine differentially expressed genes (LINC00324, MSC-AS1, AC023157.3, AC009005.1 PRRT3-AS1, AC015908.3, AC145207.5, AL031985.3, and TMEM220-AS1) were selected to construct the signature. All patients were randomly divided into high-risk group (172 cases) and low-risk group (171 cases) according to the median value of riskScore calculated by R software.



Verification of the Prediction Ability of the Signature

First of all, 343 patients were randomly put into a training set (83 high-risk cases and 89 low-risk cases) and a testing set (89 high-risk cases, 82 low-risk cases). Second, the training set (Figures 2A–E), the testing set (Figures 3A–E) and the external validation set (29 high-risk cases, 30 low-risk cases) (Figures 4A–E) were used to generate Kaplan–Meier survival curves, multi-index ROC curves, risk curves, survival status distribution maps, and the heatmaps of risk genes expression profiles. The results of the survival curves showed that patients in the low-risk group had significantly longer overalls survival time. The comparison of the area under the multi-index ROC curve revealed that the riskScore was better able to predict survival time than the traditional stage-by-stage method. Finally, to verify whether the signature was applicable to both the early and late stages of HCC, we drew the corresponding survival curves for both stages (Figures 5A, B). The results show that the high-risk group has significant difference with the low-risk group in survival time. In addition, areas under the ROC curve (AUCs) at 1 year (AUC = 0.807), 2 years (AUC = 0.848), 3 years (AUC = 0.816), and 5 years (AUC = 0.810) (Figure 1C) demonstrated the strong ability of the signature in predicting survival time. All of the above results showed that our signature has a high application value and reliability.




Figure 2 | The signature of hepatocellular carcinoma (HCC) from the training set. (A) Kaplan–Meier survival curves, (B) multi-index ROC curves, (C) risk curves, (D) survival status distribution map, and (E) heatmap of the risk gene expression profiles.






Figure 3 | The signature of HCC from the testing set. (A) Kaplan–Meier survival curves, (B) multi-index ROC curves, (C) risk curves, (D) survival status distribution map, and (E) heatmap of the risk genes expression profiles.






Figure 4 | The signature of HCC from the external validation set. (A) Kaplan–Meier survival curves, (B) multi-index ROC curves, (C) risk curves, (D) survival status distribution map, and (E) heatmap of the risk genes expression profiles.






Figure 5 | (A) Survival curve of early patients and (B) survival curve of advanced patients.





Pathological Parameter Analysis

Cox regression analysis was used to analyze clinicopathological parameters (age, gender, survival status, grade, stage, T, N, M). The results are shown in Table 1. In addition, we used the chi-square test to verify the correlation between clinicopathological parameters and the riskScore (Figure 6A, ***p < 0.001, **p < 0.01, and *p < 0.05). Survival status, grade, stage, gender, and T stage were highly correlated to the riskScore, which was an independent prognostic factor. Then, to explore the difference in riskScores between different groups, we used the Wilcoxon signed-rank test. Results are presented in Figures 6B–F.


Table 1 | Univariate and multivariate Cox regression analyses in each patient set.






Figure 6 | Clinical Evaluation by the Signature. A strip chart (A) along with the scatter diagram showed that survival status (B), gender (C), tumor grade (D), clinical stage (E), and T stage (F) were significantly associated with the riskScore (P <0.001 = ***, P <0.01 = **, and P <0.05 = *).





Enrichment Analysis

Exploring the biological functions of risk genes is helpful to understand their potential molecular mechanisms in tumorigenesis and development and can provide new targets for the treatment of HCC. According to the principle of coexpression, a total of 606 genes associated with risk genes (R > 0.4, p < 0.05) were identified, of which 604 were significantly differentially expressed. First, the significantly differentially expressed genes with a correlation coefficient >0.99 were selected for visualization (Figure 7A). The molecules CDC20, NOP56, SNRPG, SNRPF, BUB1B, and BMS1 were at the core of the protein interaction network. Second, to understand the carcinogenic mechanism of risk genes, coexpressed proteins were subjected to enrichment analysis. The results of Gene Ontology (GO) database enrichment analysis are shown in Figures 8A, B. The outcomes of the Kyoto Encyclopedia of Genes and Genomes (KEGG) database enrichment analysis are shown in Figures 8C, D. The results (Figure 7B) of GSEA suggested the importance of the risk genes for immune pathway regulation and showed that the high-risk group was in a state of immunosuppression.




Figure 7 | Protein–protein interaction networks and GSEA indicates the enrichment of significant pathways. (A) Protein–protein interaction networks. Each dot represents a protein molecule, and the connection between the dots means that the two molecules interact with each other. (B) Significant immune-related pathways enriched by GSEA.






Figure 8 | Enrichment analysis. (A, B) The significantly enriched GO terms and (C, D) KEGG pathways. The abscissa indicates the number and ratio of genes enriched in the pathway.





Application of the Signature in Clinical Treatment

The results of the IC50 analysis of chemotherapeutic drugs are shown in Figure 9. The low-risk group showed a better response to sorafenib, but there was no significant difference in the response to vincristine or cisplatin.




Figure 9 | The signature can be used as a potential indicator to predict the sensitivity to sorafenib, and the sorafenib IC50 was higher in the high-risk group.





Analysis of TILs

LncRNAs regulate immune-related genes that affect the TILs, which are terminal targets of ICI. Therefore, we explored whether there was a correlation between TILs and the riskScore. Results of CIBERSORT, TIMER, ImmuCellAI, and ssGSEA are shown in Figure 10A. Exhausted cells, macrophages, myeloid-derived suppressor cells (MDSCs), Treg cells, neutrophils, and eosinophils were positively correlated with the riskScore. Negative correlations were observed among Th17 cells, CD8+ T cells, cytotoxic T cells, NK cells, and mucosal-associated invariant T (MAIT) cells with the riskScore. In addition, the CIBERSORT analysis results showed a correlation among lymphocytes (Figure 10B). There was a weak to moderate correlation among various lymphocytes in the TME.




Figure 10 | The signature was used to evaluate tumor-infiltrating lymphocytes, immunophenoscore (IPS), and immune checkpoint genes. (A) Spearman correlation analysis was used to calculate the correlation between the riskScore and the number of tumor-infiltrating lymphocytes. (B) Correlation heatmap of 22 tumor-infiltrating lymphocytes. (C) Analysis of the correlation between the riskScore and immune checkpoint genes. (D) The IPS, IPS-PD1 blocker, IPS–CTLA4 blocker, and IPS–PD1–CTLA4 blocker values are higher in the low risk group. (P <0.001 = *** and P <0.01 = **).





Immunotherapy Analysis

The clinical application of ICI benefits many tumor patients, so we analyzed the relationships among immune checkpoint genes, immunophenoscore (IPS), and the signature. Our study found out that a riskScore was positively correlated with CD276, SIRPA, CD47, TNFRSF14, PDCD1, CTLA4, TIGIT, LGALS9, HAVCR2, CD86, CD274, CD80, and PVR expression (Figure 10C). The IPS analysis showed that the scores of IPS, IPS−PD1 blocker, IPS−CTLA4 blocker, and IPS−PD1−CTLA4 blocker scores were higher in the low-risk group (Figure 10D).



Exploring Tertiary Lymphoid Structure-Related Genes

The TLS, an important part of the TME, has the ability to enhance the immune response to treatment. The genes related to TLS formation of CCL2, CCL3, CCL4, CCL5, CCL8, CCL19, CCL21, CXCL10, CXCL13, and IL7 were positively correlated with the riskScore (Figure 11A). Negative correlations were observed among CCL18, CXCL9, and CXCL11 with the riskScore. The data showed that the high risk group was genetically predisposed to form TLS, so the patients in the high-risk group were more likely to achieve a high response rate of immunotherapy through TLS in the future.




Figure 11 | (A) Correlation between signature and genes related to tertiary lymphoid structure formation was calculated by Spearman. (B) Correlation between riskScore and ferroptosis-related genes was calculated by Spearman. (C) Ferroptosis-related gene univariate Cox regression analysis.





Analysis of Ferroptosis-Related Genes

Previous studies have shown that ferroptosis increases the response to immunotherapy to enhance efficacy and inhibit tumor progression. Therefore, we analyzed the correlation between the signature and ferroptosis-related genes, which presented a positive correlation between the riskScore and the expression of ACSL3, ATG5, ATG7, CYBB, FTH1, FTL, GCLM, GSS, HMOX1, PCBP2, PRNP, SLC3A2, SLC7A11, TFRC, and VDAC2, respectively (Figure 11B). However, the expression of ACSL6 and SAT1 were negatively correlated with the riskScore, respectively. The above analysis revealed that the greater the riskScore, the weaker the degree of ferroptosis. The results of the COX univariate analysis of ferroptosis-related genes are shown in Figure 11C.




Discussion

Increasing evidence demonstrated that lncRNAs seriously affect the occurrence, development, and metastasis of HCC and play an indispensable part in TME’s regulation process (22–24). The TME is not only related to the occurrence and development of cancers but also highly related to the response to ICI (25). At present, among the many treatment schemes for HCC, immunotherapy is the most popular choice and the most likely new therapy to make a considerable difference in patient outcomes. The future of HCC treatment is likely to involve immunotherapy combined with targeted therapy (26, 27). The postoperative recurrence and mortality rates of patients with HCC are high; the effective rate of ICI therapy is low. Our signature cannot only identify people who are sensitive to ICI but also select different methods to improve the response rate of ICI for different populations.

LINC00324 regulates FasL and PU.1 to promote the biological behavior proliferation, invasion, metastasis, and apoptosis of HCC stem cells (28). PRRT3-AS1 controls the mTOR signaling pathway to promote the invasion and metastasis and inhibits the autophagy and apoptosis of prostate cancer cells (29). MSC-AS1 induces PGK1 expression and accelerates the progression of HCC (30). In addition, MSC-AS1 has a similar role in gliomas (31), gastric cancer (32), renal clear cell carcinoma (33), and pancreatic cancer (34). TMEM220-AS1, AC015908.3, AC009005.1, and AL031985.3 have been reported in a signature predictive of overall survival. AC145207.5 and AC023157.3 are reported here for the first time. The survival curve was generated by the riskScore, and the results showed that the high-risk group has a significantly lower overall survival rate than the low-risk group. To validate the predictive ability of the signature, the areas under the ROC curve were calculated as AUC(1 year) = 0.807, AUC(2 year) = 0.848, AUC(3 year) = 0.816, and AUC(5 year) = 0.810, suggesting that the ability of our signature to predict overall survival was accurate and fines. Cox univariate and multivariate analyses revealed that the riskScore was an independent prognostic factor.

Better understanding of the TME will help develop new methods to modify the TME or treat HCC resulting in improving the response rate and efficacy of immunotherapy (35). At the same time, it will lay a solid foundation for the future implementation of immunotherapy combined targeted therapy. ICI rely on TILs against tumor cells. Therefore, we used CIBERSORT (36), ImmuCellAI (37), TIMER (38), and ssGSEA (39) to evaluate the relative number of TILs in each patient. As we expected, some of the lymphocytes showed differences between the two groups. Exhausted cells, macrophages, Treg cells, neutrophils, MDSCs, and eosinophils were more common in the high-risk group, while CD8+ T cells, cytotoxic T cells, natural killer (NK) cells, Th17 cells, and MAIT cells were more common in the low-risk group. Studies have found that the exhausted cells have a positive impact on the poor prognosis, and the completely exhausted CD8+ T cells do not respond to ICI (40, 41). Macrophages could increase the proliferation of HCC stem cells through the IL-6/STAT3 signaling pathway and then promote tumor growth (42). Treg cells regulate the expression of CTLA-4, PD-1, and TGF-β to directly bind with the corresponding receptors on target cells and inhibit the expression of the important cytokines interferon-gamma (IFN-γ), tumor necrosis factor-α (TNF-α), and IL-2 that affect T cells. In addition, tumor cells regulate chemokine receptor 28 (CCL28), thus recruiting Treg cells, enhancing the immune tolerance, and promoting the angiogenesis (43). The migration of neutrophils to tumors is mainly mediated by CXC chemokine binding to CXCR1 and CXCR2, which can promote tumor growth, invasion, angiogenesis, and metastasis (44). CD8+ T cells are positively correlated not only with good prognosis but also with the ICI response. Cytotoxic T cells specifically recognize the endogenous peptide MHC I complexes and kill tumor cells by expressing FasL or secreting TNF-α (43). The number of tumor-infiltrating NK cells positively correlated with the prognosis of HCC patients (45). Our results support the above conclusions. Considerable evidence shows that the TME is a whole, and all kinds of lymphocytes in the TME interact with each other (46). Our research results are consistent with this view. Therefore, the accuracy of analysis of the prognostic value of a certain type of cells alone is far lower than that of a combined multicell analysis. Studies that focus only on a specific kind of lymphocyte provide only a one-sided understanding of the TME and which cannot achieve a comprehensive, let alone a real, understanding of the TME. There were relatively few CD8+ T cells in the high-risk group, which may be one of reasons why more dendritic cells and shorter overall survival times were associated with the high-risk group. Moreover, our research found that there were more immunosuppressive cells and evading immune surveillance signals in the high-risk group, while more immune-enhancing cells and complement activation signals were found in the low-risk group. These observations revealed that the low-risk group is characterized by the immune activity and the inhibition of tumor progression. It also partially explained why the high-risk group is in a state of immunosuppression.

It has been reported that the IPS is a good predictor for the response of ICI (47), so we investigated the correlation between the IPS and the riskScore. IPS, IPS−PD1 blocker, IPS−CTLA4 blocker, and IPS–PD1–CTLA4 blocker were significantly higher in the low-risk group, indicating that the riskScore is the representative immunogenicity of TME in HCC. Higher gene expression level of immune checkpoint is one of the causes of an immunosuppressive state. According to a previous investigation, the anti-CTLA4 and anti-PD-1 treatment reactivated the antitumor immune response in the TME of HCC (48), and the expression of immune checkpoint genes was associated with the response to ICI (8). Our results demonstrated that the expression levels of CD276, SIRPA, CD47, TNFRSF14, PDCD1, CTLA4, TIGIT, LGALS9, HAVCR2, CD86, CD274, CD80, and PVR increased in the high risk group. The above results showed that the low-risk group of patients is more sensitive to treatment with ICI.

Only about 40% of patients with HCC have TLS within the tumor. Recent studies have reported that TLS, which have a similar function to the lymph node, enhance the sensitivity to ICI therapy (6). Therefore, the relationship between the molecules related to the formation of TLS and the signature was analyzed. Genes related to the formation of TLS, including CCL2, CCL3, CCL4, CCL5, CCL8, CCL19, CCL21, CXCL10, CXCL13, and IL7, were positively correlated with the riskScore, which indicated that patients in the high-risk group had a genetic advantage informing TLS. In the future, combining ICI with tertiary lymphoid structure-targeting therapy may improve the prognosis of patients; this gives patients who are not sensitive to ICI the opportunity to cure their tumors.

Ferroptosis enhances the effectiveness of ICI and inhibits the tumor progression (17). The expression of IFN-γ regulatory system X-c secreted by cytotoxic T cells enhances the sensitivity to ferroptosis (16). This suggests that ICI combined with ferroptosis inducers may become a new strategy for the treatment of cancer in the future. We analyzed 17 ferroptosis genes associated with the prognosis of HCC, of which 15 were positively correlated with the riskScore and 2 were negatively correlated. This suggests that the signature is fully capable of predicting tumor sensitivity to ferroptosis. In addition, in our study, the proportion of cytotoxic T cells in the low-risk group was significantly higher than that in the high-risk group. All this evidence suggests that patients in the low-risk group were not only more sensitive to ICI but also likely to be cured of their tumors by targeting ferroptosis in combination with immunotherapy.

It is important to recognize the shortcomings of the signature developed in this study: in clinical practice, screening out different treatments based on riskScore does not simply divide into high- and low-expression groups but requires more detailed subdivision. In future work, we need to collect more data to further verify the reliability of the findings.
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Recent publications have revealed that N6-methyladenosine (m6A) modification is critically involved in tumorigenesis and metastasis. However, the correlation of m6A modification and immune infiltration in early-stage lung adenocarcinoma (LUAD) is still uncertain. We performed NMF clustering based on 23 m6A regulators and identify three distinct m6A clusters and three m6A related genes clusters (m6A cluster-R) in early-stage LUAD. The immune infiltrating levels were calculated using CIBERSORT, MCPcounter and ssGSEA algorithms. And we established the m6A-predictive score to quantify m6A modified phenotypes and predict immunotherapeutic responses. Based on the TME characteristics, different immune profiles were also identified among three m6A gene-related clusters. And the m6A-R-C2 was related to a favorable overall survival (OS), whereas m6A-R-C3 had unfavorable overall survival. The m6A-predictive score was built according to the expression levels of m6A-related genes, and patients could be stratified into subgroups with low/high scores. Patients with high scores had poor overall survival, enhanced immune infiltration, high tumor mutation burden and increased level of somatic mutation. Besides, patients with high scores had unfavorable overall survival in the anti-PD-1 cohort, whereas the overall survival of high-score patients was better in the adoptive T cell therapy cohort. Our work highlights that m6A modification is closely related to immune infiltration in early-stage LUAD, which also contributes to the development of more effective immunotherapy strategies.
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Introduction

Lung adenocarcinoma (LUAD) is one of the most prevalent cancers around the world, accounting for approximately 40% of lung cancer patients (1). The study of LUAD has raised considerable concerns because it has a high rate of invasiveness and metastasis, which is the main cause of tumor-associated death (2, 3). Although with the rapid progress of various treatments, such as surgery, radiotherapy and chemotherapy, LUAD patients’ prognosis is still very poor (4–6). Some radiological approaches, such as low-dose computerized tomography (CT), are implemented to screen for LUAD and truly reduced the mortality of patients, but radiological approaches cannot benefit every patient and the diagnostic accuracy still has room for improvement (7, 8). Also, in the treatment of early-stage LUAD, chemotherapy could not reach the satisfactory efficacy among patients with negative driver gene mutation and the use of immunotherapy has remained largely unknown (9, 10). Thus, we need an in-depth investigation of detailed molecular mechanisms to identify patients with a high probability of death, which may contribute to the precise treatment of patients with early-stage LUAD.

N6-methyladenosine (m6A) has been regarded as the most common RNA modification, which primarily focuses on regulating splicing, translation and processing of the specific RNA. And it serves as a critically significant factor in diverse physiological and pathological processes (11–14). Generally speaking, m6A modification is regulated by three regulatory proteins: methyltransferases, binding proteins and demethylases (also known as writers, readers, and erasers) (15). Recent studies have indicated that m6A modification has a strong impact on the occurrence and metastasis of cancer, which suggests that a more comprehensive understanding of m6A modification’s detailed mechanism may benefit patients with cancer (14, 16). For example, Jin et al. have shown that m6A modification induced by METTL3 can increase YAP translation, thus promoting drug resistance and metastasis of non-small cell lung cancer (NSCLC) (17). However, in the early-stage LUAD, the exact roles of m6A modifications and their regulators remain largely unknown. Thus, the exploration of m6A modifications is urgently needed and may contribute to the development of m6A-based therapy.

Increasing evidence has revealed that multiple types of immune cells in the tumor microenvironment (TME) play a critically important role in tumorigenesis and metastasis (18). Furthermore, specific immune checkpoint inhibitors (ICIs), such as anti-PD-1/L1 and anti-CTLA-4, are widely applied in today’s immunotherapy and have been proven to be helpful in LUAD patients with specific immunophenotype (19–21). Thus, identifying particular characteristics of the TME may help to predict the immunotherapeutic responses, which could contribute to the development of more effective therapy in early-stage LUAD patients (22, 23). In addition, several studies have indicated a close relationship between m6A modification and immune infiltrating cells in the TME. Su et al. have revealed that deletion of FTO, an m6A regulatory protein, could inhibit the expression of LILRB4, thus dramatically attenuating the reprogram immune response of the leukemia stem cell. Due to the downregulation of FTO, leukemia cells were more sensitive to T cell cytotoxicity and immune evasion could be avoided (24). Also, Han et al. reported that the knockdown of YTHDF1 in dendritic cells could improve cross-priming of CD8+ T cells and cross-presentation of tumor neoantigens, suggesting YTHDF1 served as a critical biomarker in immunotherapy (25). However, we still lack a more comprehensive study focusing on all of the m6A regulatory proteins in early-stage LUAD. Therefore, exploring the relationship between m6A modification and immune infiltration may help us understand the regulation of the immune system and promote research in tumor immunotherapy.

In this study, we systematically analyzed the relationship between immune infiltrating levels and m6A modification clusters by using the genomic and transcriptomic data of 1230 early-stage LUAD patients. We have utilized nonnegative matrix factorization (NMF) clustering and identified three m6A clusters with different immune phenotypes, indicating m6A modification served as a non-negligible factor in affecting individual TME profiles. Furthermore, we also constructed the m6A-predictive score, which can be used to evaluate m6A modification, predict immune infiltrating levels and patients’ immunotherapeutic responses, suggesting its indispensable utility in clinical diagnosis and treatment.



Materials and Methods


The Collection of Available Datasets

We downloaded the genomic and clinical information of the early-stage LUAD from the GEO database (http://www.ncbi.nlm.nih.gov/geo/) and the TCGA database via UCSC Xena (https://xena.ucsc.edu/). According to the staging system of the American Joint Committee on Cancer (AJCC), LUAD of stage IA, IB, IIA and IIB could be defined as early-stage LUAD. 1230 patients were analyzed in this study, including patients from TCGA-LUAD (n = 374), GSE29013 (n = 22) (26), GSE30219 (n = 81) (27), GSE31210 (n = 226) (28), GSE37745 (n = 89) (29), GSE50081 (n = 127) (30) and GSE72094 (n = 311) (31). The baseline information of all of the early-stage LUAD patients was presented in Table S2. As for the TCGA-LUAD dataset, we obtained the copy number alteration data and the DNA methylation data (data of FMR1 was lack) from the cBioportal database (https://www.cbioportal.org/) and the somatic mutation data from the UCSC Xena. We analyzed the somatic mutation data using the “maftools” R package (version 2.6.05) (32). And we transformed the RNA-seq data of the TCGA-LUAD from the fragments per kilobase million (FPKM) format to transcripts per kilobase million (TPM) and log2(TPM + 1) format. Due to the same microarray platform (Affymetrix Human Genome U133 Plus 2.0 Array) used by GSE29013, GSE30219, GSE31210, GSE37745 and GSE50081, we obtained the raw CEL data and used the “gcrma” R package (version 2.62.0) to correct the background and normalize. Next, we used the ComBat function of the sva R package (version 3.38.0) to combine these five GSE datasets into a meta-GEO cohort (33). To increase the comparability among all the datasets, we utilized the scale transformation in the meta-GEO and GSE72094 cohorts before constructing the m6A-predictive score. Besides, we averaged expression values of genes that had multiple probe set signals.



Consensus Clustering With NMF

We collected the 23 m6A regulators via retrieving previous publications correlated with m6A modification (Table S1) (13, 34–37). According to 23 m6A regulators’ expression levels, NMF clustering was performed to stratify distinct m6A clusters. The “NMF” R package (version 0.23.0) was utilized with the brunet algorithm and 50 nruns in this analysis (38). And we performed another NMF clustering according to the expression of overlapping differentially expressed genes (DEGs) with the lee method. The m6A related gene clusters (m6A cluster-R) were determined. According to the results of the NMF clustering (cophenetic, residuals, dispersion and rss coefficients), we chose the best number of clusters.



GSVA, GSEA and GO/KEGG Enrichment Analysis

We used the “GSVA” R package (version 1.38.2) to perform Gene set variation analysis (GSVA), aiming to analyze different biological processes among all m6A related clusters (39). The Hallmarker gene set was used as the biological signatures and was obtained via the MSigDB database v7.2 (40). Gene Set Enrichment Analysis (GSEA) was applied via the “clusterProfiler” R package (version 3.18.1) and P.adjust < 0.05 was considered statistically significant (41). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were also performed via the “clusterProfiler” R package (version 3.18.1). And the threshold of the GO analysis was P.adjust < 0.05 and the threshold of the KEGG analysis was P < 0.05 and P.adjust < 0.2.



Estimation of Immune Cell Infiltration: ssGSEA, CIBERSORT and MCPcounter

We utilized different algorithms to evaluate the fraction of immune infiltrating cells, including single sample gene set enrichment analysis (ssGSEA), CIBERSORT and MCPcounter. The “GSVA” R package (version 1.38.2) was used to perform ssGSEA, which could calculate the fraction of twenty-eight immune cells of the TME. The estimated proportion of these immune infiltrating cells was characterized by a normalized score and shown in the heatmap. The CIBERSORT algorithm (http://cibersort.stanford.edu/) was designed to estimate the relative fraction of twenty-two immune cells (42). And we utilized the “MCPcounter” R package (version 1.2.0) to evaluate the abundances of two stromal cells and eight immune cells (43).



Prediction of Immune Response: Immunophenoscore (IPS) and ESTIMATE

Immunophenoscore (IPS) serves as an essential factor in predicting response to anti-PD-1 and anti-CTLA-4 therapies. We calculated the IPS to investigate determinants of tumor immunogenicity, which also revealed cancer antigenomes and intratumoral immune features (44). ESTIMATE algorithm is generally utilized to infer the immune score and the stromal score, which is also useful to indicate the levels of immune infiltration (45). Based on the transcriptional profiles, we calculated the ESTIMATEScore, ImmuneScore and StromalScore to reveal different immune infiltrating levels of each cluster.



DEGs Among Different m6A Clusters

Based on the results of the NMF clustering, three distinct m6A clusters were identified in the meta-GEO cohort. We then identified the DEGs between every two m6A clusters using the “limma” R package (version 3.46.0) (46). We calculated the differential expressed statistics via the lmFit and eBayes functions. We set |fold change| > 1 and P.adjust < 0.01 as the statistically significant threshold to identify DEGs. And we intersected three groups of DEGs to determine the overlapping DEGs among three different m6A clusters.



Construction and Validation of the m6A-Predictive Score

Although the distinct m6A clusters were associated with prognosis and TME of patients with early-stage LUAD, it was not convenient to perform the NMF clustering in each independent cohort. Therefore, a more useful and reliable scoring system was required to analyze the prognosis and immune features of patients with early-stage LUAD. To begin with, we performed univariate Cox regression analysis using the “survival” R package (version: 3.2-10) to screen for the overlapping DEGs with prognostic value (overall survival) in the meta-GEO cohort. We defined P < 0.05 as the statistically significant threshold. The genes with an important prognostic impact were then analyzed with random forest (RF) algorithms using the “randomForestSRC” R package (version 2.10.1) and some genes were selected. Finally, we conducted the multivariate Cox regression analysis of these selected genes to screen for final genes and established the m6A-predictive score. The coefficients of the final genes were extracted from the multivariate Cox regression results. We used the following formula as the m6A-predictive score: score = ∑(Coefi * Expri), where n refers to the number of the key genes, Coefi refers to the coefficient of genei and Expri refers to the expression level of genei. We then calculated the m6A-predictive score of all samples and stratified patients into high- and low-score subgroups according to the median value of the m6A-predictive score. We also validated the efficacy of the m6A-predictive score in the TCGA and GSE72094 cohorts, respectively. We used the “survminer” R package (version 0.4.9) to get the Kaplan–Meier curves in these cohorts. And we evaluated the performance of this scoring system via the time-dependent receiver operating characteristic (ROC) curves using the “survivalROC” R package (version: 1.0.3).



Establishment of the Nomogram

Using univariate and multivariate Cox regression analysis, we investigated whether our scoring system was an independent parameter among other clinical parameters, and the co-variates were composed of age and pathological stage. Then we utilized “rms” R package (version 6.1-1) to build a nomogram, which can predict the prognosis of patients with early-stage LUAD. Next, we used Calibration curves and the time-dependent ROC curves to evaluate this nomogram’ predictive accuracy. Also, we compared the concordance index among all the clinical parameters to analyze the discrimination of our nomogram.



The Performance of m6A-Predictive Score in Immunotherapeutic Cohort

We further integrated two independent immunotherapy cohorts with genomic and clinical data to validate whether patients stratified by high and low m6A-predictive scores had significantly different clinical outcomes (overall survival). The X-tile software (version: 3.6.1) was utilized to identify the optimal cutoff value (47). A two-sided P value was used in the analysis. The data were downloaded from the TIDE database (http://tide.dfci.harvard.edu/) (48). The gene expression data were already normalized via the TIDE database. These cohorts mainly focused on the immunotherapy of patients with melanoma, which included anti-PD-1 antibody intervention in the study of Gide et al. (49) and the utilization of adoptive T cell therapy in the study of Lauss et al. (50).



The Single-Cell Analysis for T Cells

We analyzed the T cells’ single-cell RNA-seq data of LUAD patients via http://lung.cancer-pku.cn/index.php, which contained 12 346 T cells from 14 treatment-naive NSCLC patients (51). The expression levels of selected m6A genes were normalized and sixteen clusters were identified, including two for regulatory T cells, seven for conventional CD4+ T cells and seven for CD8+ T cells. We used the boxplot and t-SNE plot to evaluate the associations between selected m6A genes and T cells populations.



Statistical Analysis

We used R software (version 4.0.4) to conduct all of the statistical analyses. The analysis of the correlation was conducted via Spearman’s correlation method. We performed the Wilcoxon rank sum test (Mann-Whitney U-test) to compare the difference between the two groups. As for the difference among more than two groups, we used the Kruskal–Wallis H-test to evaluate the variance. Schoenfeld residuals was used to confirm the assumptions of the Cox proportional hazard models. P < 0.05 was considered as the statistically significant threshold. The tests used in each part of study were also presented in the figure.




Results


The Genetic Landscape of m6A Regulators in Early-Stage LUAD

The flowchart of our study is presented in Figure S1. The somatic mutations of 23 m6A regulators were infrequent in early-stage LUAD. 92 of the 355 (25.9%) samples had the somatic mutations of m6A regulators, which primarily included missense mutations and nonsense mutations. The results revealed that the top three genes with the highest mutation were ZC3H13 (5%), IGF2BP1 (3%) and LRPPRC (3%) (Figure 1A). Then, we explored the relationship between m6A regulators’ expression and DNA methylation (Table S3). All of the significant correlations between m6A regulators’ expression and DNA methylation were negative. IGF2BP1, IGF2BP2, and IGF2BP3 were the top three genes whose expression was closely related to the DNA methylation level (Figure 1B). The copy number alterations of the m6A regulators were prevalent, which included copy number gains and losses. VIRMA, IGF2BP3, YTHDF1 displayed prevalent copy number gains, while ZC3H13, ELAVL1 and WTAP showed widespread copy number losses (Figure 1C). Compared with normal samples, we found that VIRMA, METTL3, RBM15, ELAVL1, HNRNPC, HNRNPA2B1, IGF2BP1, IGF2BP3, YTHDF1, YTHDF2, LRPPRC were highly expressed in tumors, while METTL14, ZC3H13 and FTO were mainly downregulated (Figure 1E). We then evaluated the correlation of the expression levels among the m6A regulators. According to the Spearman correlation analysis, we found that most of m6A regulators revealed a significant inverse correlation with the other, such as HNRNPA2B1, YTHDF1 and HNRNPC (Figure 1D and Table S4). Additionally, we utilized univariate and multivariate Cox regression to evaluate m6A regulators’ prognostic value (overall survival). The forest plot suggested that RBM15 was highly associated with patients’ overall survival and could be recognized as a protective factor, while ALKBH5 was negatively correlated with the patient’s prognosis (Figures S2A, B).




Figure 1 | The genetic features of 23 m6A regulators in early-stage lung adenocarcinoma of the TCGA cohort. (A) The genetic mutations of 23 m6A regulators in 92 patients. (B) The correlation analysis between DNA methylation and 23 m6A regulators’ expression (*P < 0.05; **P < 0.01; ***P < 0.001). (C) The CNA landscape of 23 m6A regulators. Gain represents gain and high level amplification, loss represents homozygous deletion and hemizygous deletion. (D) The correlation analysis between the 23 m6A regulators via the Spearman correlation method. (E) The m6A regulators expression between normal and tumor groups (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). ns, not significant.





Identification of Specific Phenotypes Based on m6A Regulators

To stratify patients into different m6A phenotypes, we performed the NMF algorithm according to 23 m6A regulators’ expression levels (Figure S3A, B). Three m6A phenotypes were identified in the meta-GEO cohort, including 120 patients in m6A-C1, 230 patients in m6A-C2 and 195 patients in m6A-C3. Then, we conducted a log-rank test and the Kaplan-Meier curves of the meta-GEO cohort revealed that m6A-C2 had the best prognosis, whereas m6A-C1 was related to unfavorable prognosis (Figure S4C). And similar results were shown in the Kaplan-Meier curves of the TCGA cohort (Figure S4D). The expression patterns of these three clusters were aberrantly different. The expression level of YTHDF3 was increased in patients of m6A-C3; The expression levels of IGF2BP1, IGF2BP3 were predominantly elevated in patients of m6A-C1; The expression level of IGF2BP2, LRPPRC, WATP, YTHDF3 were relatively increased in patients of m6A-C2 (Figures S3C, D and Table S6). We further conducted multivariate Cox regression analysis to determine the correlation of the m6A clusters and patients’ clinical outcomes. The results indicated that m6A clusters were correlated with patients’ OS especially in the TCGA cohort (m6A-C2 vs. m6A-C1, HR = 0.529 [95%CI = 0.308 - 0.908], P = 0.0209; Figure S4).



The Expression Levels of m6A Genes in Exhausted T Cells in LUAD

We have analyzed the expression levels of 23 m6A genes in different T cells of LUAD via a single-cell database. The results indicated that CBLL1 and WTAP served as two significant factors in T cells infiltration. The expression levels of WTAP were relatively higher in CD4-C2-ANXA1, CD4-C7-CXCL13, CD4-C9-CTLA4 and CD8-C6-LAYN populations than others, indicating CD8+ T cells and conventional CD4+ T cells (Figure S9A). The expression levels of CBLL1 were relatively higher in CD4-C2-ANXA1 and CD4-C8-FOXP3 populations than others, indicating conventional CD4+ T cells and regulatory T cells (Figure S9C). According to the t-SNE plot, the T cells enrichment regions with high CBLL1 and WTAP expression were also highly overlapped with the above clusters (Figures S9B, D, E).



The Correlation of m6A Phenotypes With Immune Infiltration

We utilized the Hallmarker gene set to perform the GSVA enrichment analysis, which revealed different biological processes. Some tumor-related targets (MYC, E2F and G2M) and tumor-related biological processes (angiogenesis, epithelial-mesenchymal transition (EMT) and hypoxia) were enriched in m6A-C1. On the contrary, m6A-C2 were relatively enriched pathways of cancer development and progression, including Wnt-β-catenin, Notch and TGF-β signaling pathways. And m6A-C3 exhibited the GSVA scores between m6A-C1 and m6A-C2 in the above gene sets (Figure 2D). To determine the relationship between different m6A phenotypes and immune infiltrating cells, we conducted the CIBERSORT algorithm among three m6A clusters. The fraction of immune infiltrating cells was presented in Figure 2A. We also compared the fraction of immune cells among these three m6A clusters. The results indicated that the proportion of macrophages M0, macrophages M1, plasma cells and activated memory CD4 T cells were the highest in m6A-C1, the proportion of dendritic cells resting, eosinophils, monocytes, mast cells resting, T cells CD4 memory resting, T cells follicular helper and NK cells activated were the highest in m6A-C2 and the proportion of mast cells activated were the highest in m6A-C3 (Figure 2B). To further evaluate the clinical significance of these three m6A phenotypes, we also analyzed the expression of different biomarkers (PD-1, PD-L1 and CTLA-4) in the immunotherapy (52, 53). The results revealed that PD-L1 and CTLA-4 expression were markedly elevated in m6A-C1, while PD-1 expression was relatively increased in m6A-C2 (Figure 2C).




Figure 2 | The immune and biological landscape of three different clusters in meta-GEO cohort. (A) The results of the CIBERSORT analysis reveals the estimated proportion of different immune infiltrating cells. (B) The results of the CIBERSORT analysis reveals the estimated proportion of multiple immune infiltrating cells in three m6A clusters. Kruskal-Wallis H test was applied to compare the difference among three clusters (*P < 0.05; **P < 0.01; ***P < 0.001, ****P < 0.0001; ns, not significant). The estimated proportion of each immune cell was symbolized by the scattered dots. The median proportion was symbolized by the thick line. The interquartile range was represented by the range between the top and bottom of each box. (C) The difference of PD1, CTLA-4 and PD-L1 expression levels among three m6A clusters. (D) GSVA results were presented in the meta-GEO cohort among three clusters. The sample annotations of the heatmap were the composition of different GEO cohorts.



We then utilized Spearman’s correlation analyses to investigate the relationship between different immune infiltrating cells and m6A regulators. Our results revealed that the expression of LRPPRC, VIRMA, YTHDF2, YTHDC1, HNRNPC, METTL14 and METTL3 were negatively correlated with immune infiltration, whereas WTAP expression was positively related to immune infiltration (Figure S5A). LRPPRC was negatively correlated with infiltrating levels of immune cells, including type 1 T helper cell, T follicular helper cell, macrophage, effector memory CD8 T cell and activated dendritic cell. Thus, we divided the patients into two subgroups according to the high- and low-expression level of LRPPRC to analyze its role in early-stage LUAD. We used the CIBERSORT algorithm to explore the difference of immune infiltration between low- and high-LRPPRC. Our results implied that infiltrating levels of mast cells resting, dendritic cells activated, T cells follicular helper and T cells CD4 memory activated were relatively elevated in the high-LRPPRC group, whereas T cells CD8, mast cells activated, and plasma cells were the opposite (Figure S5B). Furthermore, we analyzed the immune-related scores between the two groups, which indicated that ImmuneScore, ESTIMATEScore and StromalScore were higher in the high-LRPPRC group (Figure S5C). And we evaluated biomarkers’ expression in immunotherapy. We found LRPPRC expression was negatively associated with the expression of PD-1, PD-L1 and CTLA-4 (Figure S5D). Besides, we performed the GSEA analysis to evaluate related gene sets of the low- and high-LRPPRC subgroups. Our results implied that patients in the low-LRPPRC enriched genes of mRNA processing, RNA splicing and mRNA processing, and patients in the high-LRPPRC enriched genes of Staphylococcus aureus infection, hematopoietic cell lineage and complement and coagulation cascades (Figure S5E). In a word, we hypothesized that LRPPRC could impede the activation of immune cells (like CD8 T cells) or mRNA processing to regulate cancer development and progression.



The DEGs Among Three m6A Phenotypes

To determine the extensive role of these three m6A clusters stratified by 23 m6A regulators’ expression, we further analyzed the DEGs across m6A-C1, m6A-C2 and m6A-C3 in the meta-GEO cohort. 306 DEGs were regarded as m6A-correlated signatures and utilized for later analysis. The Venn diagram was used to reveal the overlapping DEGs among the three m6A clusters (Figure 3A). Next, we carried out the GO and KEGG enrichment analysis of these overlapping DEGs to evaluate relevant biological processes and pathways. The results indicated that this m6A-correlated signature was closely related to some biological processes, including chromosome segregation, nuclear division and regulation of cell cycle phase transition (Figure 3B). And m6A-correlated signature was closely related to the pathways, including p53 signaling, oocyte meiosis and cell cycle pathway (Figure 3C). According to the overlapping DEGs, we utilized the NMF clustering analysis and stratified patients in the meta-GEO cohort into three distinct clusters (Figures S6A, B). These three clusters were defined as m6A-R-C1, m6A-R-C2 and m6A-R-C3, which showed different clinical parameters. The heatmap revealed that patients with pathological stage IA were mainly classified by m6A-R-C2, whereas patients with pathological stage II were mostly represented by m6A-R-C3 (Figure S6C and Table S5). We then evaluated the overall survival of patients in the three cluster-Rs via multivariate Cox regression analysis and the log-rank test. Kaplan-Meier curves showed that patients in m6A-R-C2 had the best prognosis, whereas patients in m6A-R-C3 had the worst prognosis (Figure 3D). The results revealed that age, pathological stage and cluster-R were associated with patients’ OS (m6A-R-C2 vs. m6A-R-C3, HR = 0.444 [95%CI = 0.295 - 0.666], P < 0.001; m6A-R-C1 vs. m6A-R-C3, HR = 0.476 [95%CI = 0.343 - 0.661], P < 0.001, Figure 3E). We further evaluated m6A regulators’ expression among three cluster-Rs and determined that most of the m6A regulators’ expression varied in different cluster-Rs (Figure 3F). Moreover, we analyzed the immune landscape of the three cluster-Rs. We performed the ssGSEA analysis to evaluate the proportion of twenty-eight immune cells in these three m6A gene-related phenotypes. We found that activated CD4 T cells, memory B cells were relatively enriched in m6A-R-C3 (Figure S4E). We then utilized the ESTIMATE algorithm to figure out the differences among the three cluster-Rs. The results indicated that m6A-R-C2 exhibited the lowest ImmuneScore, ESTIMATEScore and StromalScore, suggesting that m6A-R-C2 was rarely related to immunity (Figure S6D). Also, we found that CTLA-4 and PD-L1 expression were lowest in m6A-R-C2 and highest in m6A-R-C3, which also suggested different immune features across three cluster-Rs (Figure 3G).




Figure 3 | Analysis of differentially expressed genes (DEGs) among three m6A clusters and enrichment analysis in meta-GEO cohort. (A) The Venn diagram reveals the m6A correlated differentially expressed genes. (B) GO enrichment analysis of the DEGs among three clusters. (C) KEGG enrichment analysis of the DEGs among three clusters. (D) The Kaplan-Meier curves of three m6A gene-related clusters via Log-rank test. (E) Multivariate Cox regression analysis of clinical parameters among three m6A gene-related clusters. 95% confidence interval was symbolized by the horizontal line. Hazard ratio (HR) was symbolized by the vertical dotted line. (F) The 23 m6A regulators’ expression among three m6A gene-related clusters. (G) The expression levels of CTLA-4 and PD-L1 among three m6A gene-related clusters. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; ns, not significant.





Establishment of the m6A-Predictive Score and Nomogram

Although m6A-related clusters and cluster-Rs can stratify early-stage LUAD patients into distinct groups correlated with different prognoses, this predictive method was not efficient to predict patients in the individual cohort. Thus, a more accurate and consistent predictive model based on m6A-related clusters and cluster-Rs was needed. And we established the m6A-predictive score to classify early-stage LUAD patients, which was of great importance. The m6A-predictive score was established based on five key genes selected via univariate Cox regression analysis (Table S7), random forest analysis and multivariate Cox regression analysis (Table S8) (m6A-predictive score = -3.2370611 * ExprLRIG1 + 0.3936202 * ExprCTSV + 0.5548459 * ExprKIF20A + 0.7905488 * ExprATP13A3 - 0.4148747 * ExprTMPRSS2). We used the alluvial diagram to illustrate the connection among GSE groups, m6A-related clusters, m6A-related cluster-Rs and m6A-predictive score (Figure 4A). We identified patients in m6A-C1 were more likely to have a higher m6A-predictive score, while patients in m6A-C2 were more likely to have a lower m6A-predictive score. The above findings were also illustrated by a violin diagram (Figure 4E). Also, we found that patients in the m6A-R-C3 had the highest m6A-predictive score among these three cluster-Rs (Figure 4B). We then divided the patients into low- and high-score subgroups and determined the efficacy of the m6A-predictive score (Figure S7B). In the meta-GEO cohort, Kaplan-Meier curves implied that a higher m6A-predictive score was related to a worse prognosis of early-stage LUAD patients (Figure 4D, left panel). And we utilized the time-dependent ROC curves to evaluate the predictive efficacy of the m6A-predictive score in the meta-GEO cohort, which revealed that the 1-, 3- and 5-year AUCs were 0.67, 0.71 and 0.75 (Figure S7A). Besides, we also analyzed the relationship between PD-L1 expression and m6A-predictive score in the meta-GEO cohort. We observed that PD-L1 expression was remarkedly elevated in the high m6A-score group (Figure 4F, left panel).




Figure 4 | Establishment of m6A-predictive score and evaluation its correlated clinical landscapes. (A) Sankey diagram of different GSE groups with various m6A clusters, m6A cluster-Rs and m6A-predictive score. (B) Comparison of m6A-predictive score among three clusters in the meta-GEO cohort (*P < 0.05; **P < 0.01; ***P < 0.001). (C) Comparison of tumor mutation burden (TMB) between low and high m6A-score groups in TCGA cohort. (D) Kaplan-Meier curves of low and high m6A-score groups in meta-GEO, TCGA and GSE72094 cohorts via Log-rank test. (E) Comparison of m6A-predictive score among three clusters in the meta-GEO cohort (*P < 0.05; ** P< 0.01; ***P < 0.001). (F) Distribution of PD-L1 expression levels in different m6A-score groups of meta-GEO, TCGA and GSE72094 cohorts. (G) Mutational features of the top mutated genes in low and high m6A-score groups in the TCGA cohort. The sample annotations were shown in the upper part of the diagram, including stage, Tstage and Nstage.



Next, we validated the m6A-predictive score with two independent cohorts, the TCGA cohort and the GSE72094 cohort. We first calculated the m6A-predictive score and divided each cohort into low- and high-score subgroups in TCGA (Figure S7D) and GSE72094 cohorts (Figure S7F). Log-rank test was then utilized to determine the correlation of m6A-predictive score and the clinical outcomes in both cohorts. We found that in the TCGA and GSE72094 cohorts, the increase of predictive score was related to poor clinical outcomes (Figure 4D, middle and right panel). Also, we evaluated the efficacy of the m6A-predictive score and the results revealed that 1-, 3- and 5-year AUCs were 0.6, 0.61 and 0.63 in the TCGA cohort (Figure S7C), 0.69, 0.63 and 0.84 in the GSE72094 cohort, indicating this scoring system’s 5-year predictive efficacy was the highest (Figure S7E). We also found that PD-L1 expression was mainly increased in the high-score group (Figure 4F, middle and right panel). Recent studies have found that TMB can play an essential role in predicting the response of immunotherapy (54). Thus, we further explored the correlation of m6A-predictive score and TMB in the TCGA cohort. Our results revealed that patients of the high-score group had higher TMB (Figure 4C). Besides, we analyzed the top mutational genes in these two subgroups respectively. The mutational feature indicated that genes in the high-score group had higher mutational rates than the other (Figure 4G). The top three genes in the high-score group were TP53 (67%), TTN (59%) and CSMD3 (56%), while those in the other group were TTN (40%), MUC16 (39%) and TP53 (35%). In a word, we comprehensively evaluated the interaction between m6A-predictive score and somatic mutations.

We then integrated clinical parameters and m6A-predictive score to build a nomogram, which aimed to elevate the accuracy and reliability of the predictive model in early-stage LUAD. Univariate and multivariate Cox regression models were utilized in the meta-GEO cohort, and the results revealed that age, stage and m6A-predictive score were remarkedly related to patients’ OS (Figure S8A). Then we built the nomogram according to the above three clinical characteristics (Figure S8C). And we compared the C-index among all of the selected clinical parameters, which indicated that the nomogram had the highest C-index (Figure S8B). Additionally, the calibration plots revealed the great concordance between the prognosis and our nomogram, indicating our nomogram served as an essential factor to predict clinical outcomes of early-stage LUAD patients (Figure S8E). Furthermore, the time-dependent ROC curves were utilized to evaluate the accuracy of our nomogram, which showed that 1-, 3- and 5-year AUCs were 0.68, 0.74 and 0.75, respectively (Figure S8D).



Application of m6A-Predictive Score in Predicting the Immunotherapeutic Effect

To explore the detailed relationship between m6A-predictive score and tumor immunity, we compared the immune scores between low- and high-score subgroups in the meta-GEO cohort. The results indicated that ESTIMATEScore and ImmuneScore of the high-score group were predominantly higher, while there was no difference of StromalScore between the two groups (Figure 5A). We then calculated the fraction of immune infiltrating cells between these two subgroups in the meta-GEO cohort via the different algorithms. Using the CIBERSORT algorithms, the results implied that the fraction of macrophages M0, macrophages M1, mast cells activated, neutrophils, plasma cells, T cells CD8 and T cells CD4 memory activated were relatively higher in the high-score group, whereas dendritic cells resting, eosinophils, monocytes, mast cells resting, T cells gamma delta, T cells follicular helper, T cells CD4 memory resting, NK cells resting, and NK cells activated were lower (Figure 5E). And the results of the MCPcounter algorithms implied that the fraction of B lineage, CD8 T cells, cytotoxic lymphocytes, fibroblasts, monocytic lineage and NK cells were higher in the high-score group, whereas the fraction of endothelial cells, neutrophils, myeloid dendritic cells were lower (Figure 5G). Besides, we performed the GSEA enrichment analysis of the high-score subgroup, which revealed that mitotic cell cycle, regulation of cell cycle and cell cycle process were the top three biological processes enriched (Figure 5F).




Figure 5 | The relationship between m6A-predictive score and immune infiltration. (A) Distribution of different immune scores (ESTIMATEScore, ImmuneScore and StromalScore) in low and high m6A-score groups. (B–D) The correlation analysis of PD-L1 expression levels and m6A-predictive score via Spearman correlation method in meta-GEO cohort, TCGA cohort and GSE72094 cohort. (E) The estimated fraction of different immune infiltrating cells calculated by CIBERSORT algorithm in different m6A-score groups (*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001). (F) GSEA enrichment analysis (GO) of the top differentially expressed genes in the group with a high m6A-predictive score. (G) The estimated fraction of different immune infiltrating cells calculated by MCPcounter algorithm in different m6A-score groups. ns, not significant.



Immune checkpoint inhibitors (ICIs) treatment was one of the emerging immunotherapies, which was widely used in clinical practice (55). Some prevalent ICIs have been already utilized to treat cancer patients, including PD-1/L1 and CTLA-4 (21, 56). In addition, some recent studies have indicated that IPS could be regarded as a novel predictor to predict immunotherapeutic responses. Thus, we first performed the correlation analysis to evaluate the correlation of m6A-predictive score and PD-L1 expression. Our study found that PD-L1 expression was strongly related to m6A-predictive score in meta-GEO cohort (Figure 5B, R = 0.38, P = 4.52e-20), TCGA cohort (Figure 5C, R = 0.20, P =1.22e-04) and GSE72094 cohort (Figure 5D, R = 0.41, P = 6.99e-14). Also, we analyzed the correlation of other two ICIs (PD-1 and CTLA-4) and the m6A-predictive score. Our results implied that CTLA-4 expression was increased in the high-score group of the meta-GEO cohort and PD-1 expression was relatively higher in the GSE72094 cohort (Figure 6B). And m6A-predictive score was correlated with CTLA-4 (R = 0.32, P = 1.24e-14) and PD-1 expression (R = 0.16, P = 0.005) in meta-GEO and GSE72094 respectively (Figure 6C). We then evaluated the distribution of the IPS score between these two subgroups, which revealed that the IPS score was predominantly higher in the low-score group in the meta-GEO and TCGA cohorts (Figure 6A). Furthermore, due to the correlation of immune response and m6A-predictive score, we applied our m6A-predictive score to evaluate its predictive value in an anti-PD-1 cohort (49) (study of Gide et al.) and an adoptive T cell therapy cohort (50) (study of Lauss et al.). Based on the log-rank test, our results revealed that patients with low m6A-predictive scores exhibited prolonged OS and PFS in the anti-PD-1 cohort (Figure 6D). On the contrary, the prognosis of patients with the low m6A-predictive score was poor in the adoptive T cell therapy cohort (Figure 6E). In conclusion, the above findings indicated that our m6A-predictive score was significantly related to immunotherapies and could serve as a crucial factor in predicting patients’ prognoses.




Figure 6 | The value of m6A-predictive score to predict patients’ clinical outcomes with immunotherapy. (A) Comparison of IPS scores between low and high m6A-score groups in meta-GEO and TCGA cohorts. (B) The distribution of CTLA-4 expression levels between low and high m6A-score groups in meta-GEO cohort. The distribution of PD-1 expression levels between low and high m6A-score groups in GSE72094 cohort. (C) The Spearman correlation analysis of CTLA-4 and predictive score in meta-GEO cohort. The Spearman correlation analysis of PD-1 and predictive score in GSE72094 cohort. (D) Kaplan-Meier curves for low and high m6A-score groups in Gide et al. (49) cohort. (E) Kaplan-Meier curves for low and high m6A-score groups in Lauss et al. (50) cohort.






Discussion

Abundant evidence revealed that m6A modification served as a critically essential factor in tumor immunity and could regulate malignant behaviors via the complex interaction among different m6A regulatory proteins (57, 58). Previous publications have investigated the role of several m6A regulators in the TME, but no study has systematically explored the whole TME characteristics recognized by diverse m6A regulators in early-stage LUAD. Thus, classifying different m6A modification clusters in the TME could expand our knowledge of the more comprehensive association between anti-tumor immunotherapy and m6A modification, which may promote the development of more efficient and reliable immunotherapy strategies.

In the present study, we have identified three distinct m6A clusters according to 23 m6A regulators’ expression levels, which were classified by different biological processes. Our results implied that the m6A-C1 was classified through multiple tumor-related biological processes (angiogenesis, EMT and hypoxia) and biomarkers (MYC and E2F); m6A-C2 was classified through several pathways correlated with tumorigenesis and progression, such as Wnt, TGF-beta and Notch pathways. Emerging evidence indicated that TME could play an essential role in the occurrence and development of tumors, which can also affect the immunotherapeutic responses (18, 59). Moreover, studies have shown that patients with more abundance of dendritic cells (60), NK cells (61) and T follicular helper cells (62) were more likely to respond to immunotherapy with ICIs. The m6A-C2 was mostly identified with its high infiltrating levels of the above immune cells, suggesting its potential strengths in predicting immunotherapeutic responses. And the m6A-C2 was also proven to have the best prognosis among three m6A modification clusters. Previous publications have demonstrated that the activation of some targets (MYC and E2F) was closely related to tumorigenesis and metastasis (63, 64). In addition, studies have revealed that EMT and hypoxia were related to poor prognosis and may be highly correlated with TME (65, 66). These biological processes and some specific immune infiltrating cells were enriched in m6A-C1, and the survival analysis showed that patients of m6A-C1 had unfavorable prognoses. Integrating the biological processes and TME characteristics of different m6A clusters, our stratification was proven to be reliable and may foster the research of immunotherapy in early-stage LUAD.

Next, we analyzed the biological processes of the overlapping DEGs among the three m6A modification clusters, and the results revealed that RNA segregation and nuclear division were enriched, indicating the overlapping DEGs could be considered as an m6A-correlated signature. Three m6A cluster-Rs were then identified based on the overlapping DEGs, which also exhibited a strong correlation with prognosis and TME characteristics. The results revealed that m6A modification could serve as a significant factor in classifying patients with different TME features. The m6A-R-C2 was rarely related to immunity and had the best clinical outcomes, whereas m6A-R-C3 was the opposite. However, due to the heterogeneity of each patient, using m6A clusters or cluster-Rs to stratify patients into independent groups was not convenient and effective. Therefore, we constructed a scoring system (m6A-predictive score) to accurately quantify m6A modified subgroups. The m6A-C1 with relatively low immune infiltrating levels had a higher m6A-predictive score, while the m6A-C1 with abundant immune infiltrating cells had a lower m6A-predictive score. We further evaluated the exact role of the m6A-predictive score, which showed that this score could be an effective prognostic predictor in the training and validation cohorts of early-stage LUAD. In addition, our results implied a strong relationship between this score and TMB, somatic mutational rate, immune-related score and immune response predictors (IPS, PD-1, PD-L1 and CTLA-4). The findings suggested m6A-predictive score was a robust and reliable scoring system, which can be used to define the m6A modification subgroups in independent cohorts, and the scoring system was also associated with specific immune features. Moreover, we used this scoring system to evaluate its predictive efficacy in two immunotherapy cohorts. Interestingly, our study found that patients’ clinical outcomes with low m6A-predictive scores were favorable in the anti-PD-1 cohort, while the prognosis was poor in the adoptive T cell therapy cohort. The results implied the different performance of our m6A-predictive score in different kinds of immunotherapy cohorts, suggesting its precision of predicting immunotherapeutic responses.

Due to LRPPRC being negatively correlated with most of the immune infiltrating cells, we then analyzed its role in modulating the TME. Previous publications have revealed that LRPPRC was involved in multiple physiological and pathological processes, such as energy metabolism (67). As one of the m6A regulatory proteins, LRPPRC expression increased in diverse cancer tissues but decrease in normal tissues (67). To be specific, Tian et al. revealed that upregulation of LRPPRC was associated with growth and invasion and was related to poor prognosis in LUAD (68). In our study, we divided patients into two subgroups according to LRPPRC expression and compared the immune landscapes between the low- and high-expression subgroups. We found that immune-related scores and immune checkpoints expression were relatively lower in the high-expression group, which could offer strong evidence that LRPPRC expression was negatively associated with immune infiltration in the TME. Due to the lack of studies of the relationship between LRPPRC and the TME, our work may shed new light on the research of this LRPPRC and provide a new understanding of m6A regulators’ role in the TME.

Somatic mutational genes play a crucial role in tumorigenesis and progression, which are highly related to the diagnosis, treatment and prognosis in various cancers (69, 70). Here, we evaluated the difference of somatic mutation genes between the low- and high-score subgroups. Our results implied that the mutational rates of TP53, TNN and CSMD3 were the top three in the high-score group, whereas TNN, MUC16 and TP53 were the top three mutational genes in the low-score group. Li et al. have reported that MUC16 mutations were strongly correlated with immune-related pathways in gastric cancer (71). Specifically, MUC16 mutations could increase the infiltrating levels of cytotoxic T lymphocytes in the TME (72). And TTN was also proven to be an essential factor in predicting responses of immunotherapy with ICIs (73). TP53 mutations were ubiquitous in various cancers, which could predict responses of anti-PD-1 immunotherapy in LUAD (74, 75). The above gene mutations related to the m6A-predictive score were significantly correlated with tumor immunity, indicating the complex relationship between TME characteristics and m6A modification.

This research provided a novel insight into the interaction of m6A modification and TME characteristics in the early-stage LUAD. However, some limitations still existed in the work. First of all, the results of our bioinformatical research needed to be verified by using clinical trials with comprehensive clinical information. Secondly, to maintain the efficacy and reliability of our scoring system, newly identified m6A regulatory proteins were supposed to be integrated into our model in the future. Moreover, different kinds of appropriate immunotherapy cohorts of early-stage LUAD were needed to further validate the accuracy of the m6A-predictive score. In addition, our study was a retrospective study, and we need a prospective clinical trial of early-stage LUAD with immunotherapy to further strengthen our results.

In the present study, we systematically revealed the extensive role of 23 m6A regulators in TME by integrating 1230 early-stage LUAD patients. We found that different phenotypes classified by the m6A modification have distinct immune characteristics, indicating the strong interaction between tumor immunity and m6A modification in early-stage LUAD. Furthermore, a scoring system was established to evaluate the m6A modification phenotypes and the immune infiltration in individual cohorts. The investigation of m6A modification in early-stage LUAD could contribute to a better understanding of TME features and facilitate the development of more promising and potent immunotherapy in the future.
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Background

Tumor infiltrating myeloid (TIM) cells constitute a vital element of the tumor microenvironment. The cell-type heterogeneity of TIM has yet to be fully investigated.



Methods

We used a time saving approach to generate a single-cell reference matrix, allowing quantification of cell-type proportions and cell-type-specific gene abundances in bulk RNA-seq data.



Results

Two distinct clusters, MSC1 and MSC2 (MSC subtype) were newly identified in lung adenocarcinoma (LUAD) patients, both significantly associated with overall survival and immune blockade therapy responses. Twenty myeloid cell types were detected. Thirteen of these had distinct enrichment patterns between MSC1 and MSC2. LAMP3+ dendritic cells, being a mature and transportable subtype of dendritic cell that may migrate to lymph nodes, were noted as associated with non-responsiveness to immunotargeted therapy. High infiltration level of IFIT3+ neutrophils was strongly related to the response to immune-targeted therapy and was seen to activate CD8+ T cells, partly through inflammasome activation. The infiltration levels of TIMP1+ macrophages and S100A8+ neutrophils were both significantly associated with poor prognosis. TIMP1+ macrophages were noted to recruit S100A8+ neutrophils via the CXCL5–CXCR2 axes and promote LUAD progression.



Conclusion

Altogether, we performed virtual microdissection of the bulk transcriptome at single-cell resolution and provided a promising TIM infiltration landscape that may shed new light on the development of immune therapy.
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Introduction

Lung adenocarcinomas (LUADs) account for over 40% of lung cancers and represent its most leading and prevalent histological subtype. Despite an improvement in therapeutic strategies, the rates of objective clinical responses remain low, with only 17.4% lung cancer patients surviving more than 5 years beyond diagnosis (1). In this, the dynamic tumor immune microenvironment plays an important role in tumor progression and metastasis (2, 3). Tumor-infiltrating T lymphocytes are now recognized as the key components of the tumor microenvironment (TME). Therapeutic strategies for targeting these cells are being actively developed and have demonstrated remarkable therapeutic effects (4). While current immunotherapies targeting T lymphocytes benefit only few patients (5), it is important to unravel the exact cellular functions of the remaining cell types within the TME that may be involved in tumor progression.

Recently, there has been much focus on cancer immunology, with primary emphasis on myeloid cells as important components in tumor immune evasion (6, 7). However, the various reports that ascribe macrophages and neutrophils with either pro- or antitumor properties, together with acknowledgement that our understanding of tumor infiltrating myeloid cell (TIM) subtypes is quite inadequate (8, 9), leads to a high potential for confusion and/or contradiction within this field. Despite this, some strategies targeting myeloid cells have been developed (10, 11). However, the limited understanding of clear mechanistic hypotheses had led to difficulties in interpreting clinical outcomes for such approaches (12). In particular, the complexity of TIM subtypes and the discrepancies between human and mouse models has deeply impeded the implementation of selective myeloid-targeting immunotherapies.

Single-cell RNA sequencing (scRNA-seq) offers an opportunity to dissect the complexity of the TME, enabling the identification of the cell state in a manner independent of any previous knowledge of cellular markers (13, 14). Single-cell analysis has been applied to reveal the cellular heterogeneity of TIMs, including tumor-associated macrophages (TAMs), dendritic cells (DCs), and neutrophils in different cancer types (13, 15, 16). However, due to high cost and strict requirement for cellular activity, analyses of large patient cohorts have been almost impossible. Computational algorithms, which allow for the estimation of relative cell infiltrate level based on bulk RNA sequencing (RNA-seq) and scRNA-seq data, have now been developed and may compensate for this (17–19). CIBERSORTx is a computational framework to accurately infer relative abundance of cell type from bulk RNA-seq according to the signature matrix generated from scRNA-seq by means of a deconvolution algorithm (18). It has been successfully used and validated for revealing immune cell landscapes in melanomas (20), clear-cell renal cell carcinomas (21), and prostate cancer (22). Unfortunately, CIBERSORTx does not seem to provide a standard procedure or pipeline describing how to integrate scRNA-seq data to construct a reference matrix, as it just uses all the scRNA-seq data as the input. As such, this procedure requires substantial computational resources and time to handle the huge amount of the data. Although down-sampling can address this problem, scRNA-seq data usually suffer from the problem of extremely high dropout rate, especially for those generated by 10× Genomics. Thus, the reference matrix generated by down-sampling is often unhelpful for such considerations and will result in a poor deconvolution effect.

In this paper, we applied a timesaving approach to create a customized reference matrix for scRNA-seq data for myeloid cells and made a deconvolution of The Cancer Genome Atlas (TCGA) LUAD cohort (Figure 1). As a result, we identified for the first time two different enrichment patterns (called MSC subtype hereafter). A series of analyses, including survival analysis and multivariable Cox regression analysis with clinical features, revealed MSC subtype to be robust prognostic factors. We reveal the relationship between MSC subtype and immune checkpoint blockade (ICB) therapy and identify three TIM subtypes that might contribute to the ICB response. Finally, we explore the heterogeneity of macrophages and detected a functional relationship between macrophage and neutrophil subtypes.




Figure 1 | Conceptual view of study design.





Methods


Data Source and Preprocessing

The single-cell transcriptome file of five LUAD patients and the validation data for DCs’ distribution were downloaded from the Gene Expression Omnibus (GEO) database under the accession numbers GSE127465 (14) and GSE131907 (23). The transcriptome expression profiles and corresponding clinical information for LUAD were retrieved from the Genomic Data Commons Data Portal of TCGA. Expression data were converted from counts type to transcripts per million (TPM). Three transcriptional microarray expression data (GSE matrix files) for LUAD cohorts [GSE31210 (24), and GSE72094 (25)] were obtained from the GEO. The microarray datasets were log-transformed (on a base 2 scale) and genes were detected with more than one probe retaining its maximum value.



scRNA-seq Data and Single-Cell Data Analysis

The Seurat package (version 3.0) was used to perform scRNA-seq analysis (26). Transcriptomes with more than 300 total counts, <10,000 total counts, and <20% of counts coming from mitochondrial genes were retained for subsequent analysis. From the remaining cells, gene expression matrices were normalized to the total unique molecular identifier (UMI) counts per cell and were log-transformed (on a base 2 scale). Dimensionality reduction was performed with uniform manifold approximation and projection (UMAP). The marker gene of each cluster was identified using Seurat.



Single Cell Reference Matrix Construction

The most characteristic cells in each cell subtype, rather than all tens of thousands of cell’s data, were selected to create the custom signature matrix. We performed a three-step approach to generate it. First, to utilize the gene expression signature and reduce the technological noise, we performed differential expression gene analysis by FindMarkers() function in Seurat and only retain those informational gene (log2 FC > 0.25) to construct the custom signature matrix. Second, we defined and calculated a so-called cell-type-specific signature score SigScore to select the candidate cells from each cell subtype.

	

where [Markeri] represents the expression level of the marker gene, i and ki is the value equal to , which is calculated using the FindMarkers() function in Seurat. N denotes the number of the markers in each cell type. Note that N is variable according to the threshold of log2FC. Specially, 1.25 was selected as the threshold of log2FC in our paper.

We ranked all cells belonging to a special cell subtype in descending order of their SigScore and chose the top 50 cells to create the custom signature matrix. In addition, we created another custom signature matrix by randomly selecting 50 cells of each cell type, which would then be used as another matrix for comparison.



Infiltration Estimation of the Myeloid Cells

As the last step of our approach, scRNA-seq data of the top 50 cells were uploaded to CIBERSORTx (http://cibersortx.stanford.edu) to create a customized signature matrix for each myeloid cell subtype by functional module “Create Signature Matrix” in CIBERSORTx. “Impute Cell Fraction” module in CIBERSORTx was used to quantify the infiltrating level of each myeloid cell subtype. A hundred simulated bulk datasets were created by random sampling of different numbers of each cell types (including non-myeloid cells) and were used to validate the signature matrix. Since count data were uploaded for creating the signature matrix, count-per-million (CPM) data of the TCGA LUAD cohort within the genes involved in the signature matrix were then generated to estimate the abundance of myeloid cell subtypes in CIBERSORTx.



MSC Subtype Identification and Prediction Model Building

Based on the infiltration level of myeloid cell subtypes, the optimal number of TCGA LUAD cohort clusters were examined using the mclust package (version 5.4.5) (27). K-Means consensus clustering was conducted in R to determine distinct clusters of MSC subtypes. Hierarchical clustering was performed by hclust() in R, and the defined clusters were compared with the K-Means based clusters to ensure the robustness of the method we used. The least absolute shrinkage and selection operator (LASSO) algorithm was used to reduce the data dimensions and distinguish the most informative genes for predicting the MSC subtype using the glmnet package (version 3.0-2) (28, 29). Finally, the MSC score formula was calculated by considering the correlation estimated Cox regression coefficients:

	

where Z denotes the gene number determined by LASSO, [Genei] denotes the expression level of gene i, and coefi represents the coefficient of gene i as determined by LASSO.



Potential Drug-Targeted Gene Set Selection

To identify the potentially druggable therapeutic targets for the patients of identified MSC subtype, we collected two datasets, the genome-scale CRISPR knockout screens dataset in Project Achilles (https://depmap.org/portal/) and drug-induced gene expression profiles from the Library of Integrated Network-Based Cellular Signatures (LINCS; https://commonfund.nih.gov/LINCS/) L1000 dataset. We then performed a two-step analysis to identify candidate drugs. First, we filtered the essential genes for LUAD cell lines based on the genome-wide CRISPR gene essentiality scores (CERES) from Project Achilles. The genes whose CERES was lower than −0.5 in half of the total LUAD cell lines were retained and then intersected with the upregulated genes in MSC2 patients. We then ranked the gene expression profiles of LUAD cell lines obtained from LINCS and performed Gene Set Enrichment Analysis (GSEA) using the clusterProfiler package based on the above target gene set (30). Only when the target gene set was significantly enriched in the bottom of ranked gene list, the drug was then considered to have potential.



Calculation of Ligand–Receptor Interaction

For the cell–cell interaction analysis, the expression level was normalized according to the total reads count and converted into a TPM-like scale. The expression values were averaged within each cell subtype. We retrieved the ligand–receptor pairs from a systematic research including known ligand–receptor pairs from the existing databases and predicted the ligand–receptor pairs with high confidence (31). The threshold of 1 TPM was used as the cut-off for ligand–receptor pairs within each cell subtype for further analysis.



Statistical Analysis

The differentially expressed genes (DEGs) were calculated using the DESeq2 package for R (32). DEGs satisfying |log2 fold change| > 1.5 and adjusted p < 0.05 criteria were considered statistically significant. Clusterprofiler was used to perform Gene Ontology (GO) function enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway annotation. Within a specific cohort, patients were divided into two groups based on the mean value of MScore in all samples. Survival curves were constructed using the Kaplan–Meier (KM) method and compared using the log-rank test provided in the survival package for R (33). Multivariate Cox proportional hazard regression modeling was used to verify the prognostic significance for OS. Histological grade, gender, and age were used as variables. To identify the relationship between clinical state and myeloid cells, we queried the clinical data of the TCGA LUAD cohort. In particular, the tumor–node–metastasis (TMN) stages were categorized to a numeric level. The correlation between the infiltration level of myeloid cells and clinical variables was examined using Pearson’s correlation coefficient (CC), which was considered statistically significant by FDR < 0.05. Area under the curve (AUC) of the receiver operating characteristic (ROC) curve was used to assess the predictive ability of the predicted signature.




Results


Construction and Validation of SigScore-Based Reference Matrix

In recent researches and applications, purified-cell-based reference matrix has been widely used to perform deconvolution analysis. For example, LM22, a reference matrix generated by Newman et al. (18), distinguishes 22 human hematopoietic cell phenotypes, including seven T-cell types, naive and memory B cells, plasma cells, natural killer (NK) cells, and myeloid subsets. This matrix was employed to infer the infiltration level of above hematopoietic cells in bulk transcriptomic profiles. However, it leads to some limitations at the same time. First, cell transcriptome was tissue specific, so publicly available reference matrix cannot represent the real condition appropriately in different tissues. Besides, with the development of single cell sequencing, more and more researchers notice that there are still many functional subtypes even in one cell type (for example, M0 macrophages and M1 macrophages). This means that purified-cell-based matrix may not reflect the complexity of cellular compositions. Thus, we choose the scRNA-seq data to generated our reference matrix.

We downloaded the scRNA-seq data from Zilionis et al. (14) in which the authors demonstrated the major aspects of the lung tumor immune microenvironment. Twenty subtypes of myeloid cells were identified using Seurat (Supplementary Figure 1A). The corresponding scRNA-seq data of the top cells with the highest SigScore were then uploaded to CIBERSORTx, and the underlying reference matrix was obtained.

We examined the SigScore-based reference matrix compared to a randomly selected reference matrix within 100 simulated datasets. Our reference matrix showed better performance (Figure 2A).




Figure 2 | TIM infiltration landscape of myeloid cells in LUAD. (A) Performance comparison of two reference matrixes. (B) Different infiltration levels of myeloid cells between MSC1 and MSC2 patients. For brevity, myeloid cells were named as marker gene plus short name. M, N, DC, Mcyl, Mono, pDC, and MonoDC represent macrophages, neutrophils, dendritic cells, monocytes highly expressing cell-cycle-related gene, monocytes, plasmacytoid DCs, and one cell type showing the signatures of both monocytes and DCs, respectively. (C) KM plot for MSC subtypes in TCGA LUAD cohort. (D) GO functional annotation of MSC1 and MSC2. (E)Infiltration levels of two myeloid cell subtypes (SELENOP+M4 and TUBB+Mcyl) in tumor and tumor-adjacent tissues.





Identification of Two Distinct Myeloid Cell Infiltration Subtypes in LUAD Patients

We applied the SigScore-based reference matrix to investigate the fractions of infiltrated myeloid cells in the TCGA LUAD dataset (Supplementary Figure 1B). Among the total samples, 485 tumor samples were eligible for CIBERSORTx under p < 0.05 and CC > 0.5. We performed K-means clustering with the optimal number (k = 2) and identified two distinct myeloid cell infiltration clusters, namely, MSC1 and MSC2, according to the contextures of the myeloid cells (Supplementary Figures 1C, D). To evaluate the robustness of K-Means clustering, we performed hierarchical clustering, and we noted that those two methods showed high consistency (Supplementary Figure 1E, left). Meanwhile, random signature failed in the patient stratification (Supplementary Figure 1E, right). Thirteen of the 20 had distinct enrichment patterns between MSC1 and MSC2 (|log2 fold change| > 1.25, p < 0.05) (Figure 2B). MSC2 was significantly associated with a shorter OS compared with MSC1 (Figure 2C, p = 0.019). GO analysis suggested that the MCS1 subtype, with its favorable outcome, has a stronger immune response ability including both innate and adaptive immunity. Conversely, the MCS2 subtype was significantly associated with the cell cycle and negative regulation of cell apoptosis, in line with unfavorable outcomes (Figure 2D).

We queried the distribution of distinct TIM cell types within tumors and adjacent tissues. The statistical result is showed in (Supplementary Table 1). Some of those cell types are strongly related with OS. A high fraction of LAMP3+DC3, S100A8+N3, PI3+N4, TIMP1+M3, and TUBB+Mcyl were identified as poor prognostic factors, while high fraction of CLEC9A+DC2 were identified as a protective (Supplementary Figure 2).

We then observed that SELENOP+M4, the most enriched cell type in MSC1, was the subtype of macrophages that highly expressed SELENOP and TM4SF1 mRNAs. TUBB+Mcyl, the most enriched cell type in MSC2, was the subtype of the monocytes which highly expressed TUBB. The infiltration levels of two subtypes between the tumor and paired adjacent tissues of all patients, MSC1 patients and MSC2 patients, were further analyzed, respectively. SELENOP+M4 showed preferential enrichment in normal tissues. While considering the MSC subtype, we found a significant lower infiltration level of SELENOP+M4 in MCS2, while TUBB+Mcyl showed the opposite trends (Figure 2E). The infiltration levels of other cell subtypes in three states are shown in Supplementary Figure 3.



Association of Predicted MSC Subtype With Prognostic Impact in TCGA and Two Independent LUAD Cohorts

To predict the MSC subtype for bulk RNA-seq or microarray data, we determined the most informative genes and constructed a resulting 14-gene signature (i. e.,MScore) (Supplementary Table 2). The TCGA LUAD cohort were randomly divided into a training set (n = 292) and a test set (n = 193). The LASSO Cox regression model with 20-fold cross-validation was performed to train the model in the training set. We then assessed the model performance in the test set. According to the MScore, LUAD patients were well classified into MSC1 and MSC2 subtypes. The AUC of the ROC curve achieved 0.91 and 0.89 in the training and test sets, respectively, indicating a strong prediction ability to stratify the patients (Figure 3A).




Figure 3 | Clinical traits of MSC subtypes. (A) ROC curve of MSC subtype classifier in the training data and the test data. Training set, red; test set, blue. (B, C) KM plots for MSC types in GSE72094 (B) and in GSE31210 (C). MSC1, yellow; MSC2, blue. (D) Rate of relapse in MSC1 and MSC2 patients in GSE31210. Patients with relapse (n = 28) and non-relapse (n = 105) in MSC1 type; patients with relapse (n = 36) and non-relapse (n =57) in MSC2 type. (E) Multivariable Cox proportional hazard regression analysis in TCGA LUAD cohort. (F) Correlation of tumor stages and the infiltration of myeloid cells in TCGA LUAD cohort. Left: MSC score in different tumor stages (stage I, n = 257; stage II, n = 115; stage III, n= 81; stage IV, n =24); Right: correlation between tumor stages and myeloid cell types. The size of the circle represents log10 (FDR); the dark blue circle indicates a significant correlation (FDR < 0.05).



The prediction capability of 14-gene signature was executed to further examine the prognostic significance in two independent LUAD microarray cohorts (GEO72094 and GEO31210). Similarly, a poor prognostic impact of MSC1 compared with MSC2 was found in both cohorts (p < 0.0001 and p = 0.0012, respectively) (Figures 3B, C). We also observed that nearly twice the relapse rate had occurred in MSC2 compared with MSC1 in the GSE31210 dataset. This suggested that the myeloid cell distribution might be associated with cancer relapse (Figure 3D).

To determine whether MSC subtype is an independent predictor of the prognosis, we performed multivariate analysis. In the TCGA LUAD and GSE72094 cohorts, MSC2 strongly predicted a shorter OS compared with MSC1, independent of known risk factors [hazard ratio (HR), 1.765; 95% CI, 1.172–2.567; p = 0.0065 for TCGA; HR, 2.680; 95% CI, 1.789–4.020; p < 0.001 for GSE72094), including age, gender, and cancer stage (Figure 3E; Supplementary Figure 4A).



MSC Subtype Significantly Associated With Tumor Stages of LUAD

We analyzed the distribution of MScore in different tumor and TNM stages. The higher MScore was associated with a higher tumor stage (Figure 3F). We also observed a similar positive correlation in both T, M, and N stages, suggesting that the distribution of myeloid cells were potentially related to the clinical stage (Supplementary Figures 4B–D). To further investigate whether the relative presence of these myeloid cell subtypes was associated with tumor progression, we calculated the correlation between each myeloid cell subtype and cancer stage. Five cell types, TIMP1+M3, S100A8+N3, TUBB+Mcyl, LAMP3+DC3, and TCL1A+pDC, all of which were enriched in MSC2, were positively associated with tumor progression (FDR < 0.05). Four cell types, SELENOP+M4, CXCL9+M2, CD1C+DC1, and CLEC9A+DC2, were negatively associated with tumor progression (FDR < 0.05) (Figure 3F).



MSC Subtype Associated With Immunotherapy Response

Myeloid cells have been reported to be associated with ICB (34). In the TCGA LUAD cohort, we introduced the tumor immune dysfunction and exclusion (TIDE) algorithm to explore the relationship between the MSC subtype and ICB response (35). TIDE is a computational framework for predicting the clinical response to ICB in patients. A low TIDE prediction score indicates that the patients would potentially exhibit a greater immune therapy response. We observed the TIDE score as significantly lower in MSC1, suggesting that the MSC1 is more likely to respond to ICB therapy (Wilcoxon rank-sum test, p < 0.05) (Figure 4A). This association was verified in two independent cohorts using univariate analysis (Wilcoxon rank-sum test, p < 0.05) (Figure 4B). In the other independent cohort (i.e., GSE126044), which includes the RNA-seq data and response states of 16 patients before antiprogrammed cell death protein 1 (PD-1) treatment, we compared the TIDE and MScore to evaluate the prediction performance of ICB response. All five responders of 16 patients were clearly identified as MSC1 (Figure 4C). MScore showed the best predictive power (AUC = 0.891) as compared to TIDE and PD-1 (Figure 4D).




Figure 4 | Exploration of treatment for two MSC type. (A, B) TIDE score in different MSC subtypes for TCGA LUAD and two independent cohorts. (C) Rate of ICB response in MSC1 and MSC2 patients in GSE126044. Patients with response (n = 5) and non-response (n = 2) in MSC1 type; patients with relapse (n = 0) and non-relapse (n = 9) in MSC2 type. (D) ROC curve of ICB response prediction. MScore, red; expression of PD-1, black; TIDE score, blue. (E) Enrichment score for each drug in four cell lines. On the left most column, red box indicates the drug has therapeutic potential in total four cell lines, which are listed on the right side.





Identification of Potential Drug for MSC2 Patients

Since MSC2 patients seem more unlikely to respond to ICB therapy and show a worse survival state compared with MSC1 patients, we next focused on identifying the potential drugs for patients of the MSC2 subtype. The upregulated DEGs in MSC2 patients are supposed to be the therapeutic target. Note that MSC subtypes are classified according to the marker genes of myeloid cells, leading us to query whether the DEGs represent the diversity of tumor microenvironment. Using a hypergeometric test, we found that the myeloid cell markers were almost irrelevant with DEGs between MSC1 and MSC2 patients (Supplementary Figure 5A). This suggests that the DEGs might reflect differences in tumor cell state.

We screened the data of lung adenocarcinoma cell lines in Project Achilles (https://depmap.org/portal/). The genes with a CERES lower than −0.5 in half of the lung adenocarcinoma cell lines were retained. We then intersected the DEGs, which were upregulated in MSC2 patients with survival-related genes and obtained 29 genes that represent the targets for ICB therapy in MSC2 patients (Supplementary Figures 5B, C).

Eight of 29 genes were related to the cell cycle, suggesting that the tumor cells in MSC2 patients might be in a relatively strong state of cellular proliferation. The remaining genes were involved in a wide range of cancer-related pathways, such as DNA replication, Ras signaling, and mTOR signaling (Supplementary Figure 5C). Twenty-eight of 29 genes have been reported to be related with LUAD (36–40). However, TOPBP1 interacting checkpoint and replication regulator (TICRR) had only been previously reported to be important in DNA replication (41). TICRR seems to be a promising therapeutic target for LUAD, especially in MSC2 patients.

Since the potential drug target gene set was obtained, we employed LINCS L1000 dataset to identify potential drugs. We focused on four LUAD cell lines, DV90, SKLU1, NCIH2073, and NCIH596. Testing was conducted of 361 drugs on the four cell lines, with a total of 1,498 gene expression profiles extracted. After computing the robust z-scores for each profile relative to control, we ranked the gene based on the expression levels and performed GSEA analysis. We totally identified 129 drugs showing potential inhibition effect for at least a particular cell line (FDR < 0.05, Figure 4E). To obtain more reliable drugs, we selected the drugs that showed significant suppression effects on all four cell lines and discovered 10 drug candidates (Figure 4E).



Identification of New Myeloid Cell Subtypes Related With ICB Response

To further understand which myeloid cell subtype contributed to ICB response, we further investigated the fractions of infiltrated myeloid cells in GSE126044 dataset by applying CIBERSORTx. We observed that IFIT3+N5 and PPARG+M7 were enriched in responders, while LAMP3+DC3 was the only subtype enriched in non-responders (Figure 5A). CD1C+DC1 highly expressed CD1C, FCER1A, and CLEC10A, corresponding to conventional cDC2, while CLEC9A+DC2 highly expressed CLEC9A, BATF3, and CADM1, corresponding to conventional cDC1 (42, 43) (Figure 5B).




Figure 5 | Characteristics of the myeloid cell subtypes related to ICB response. (A) Differences of myeloid cell infiltration levels between ICB responders and non-responders. (B) Transcriptome traits of dendritic cells. Activation and migration signatures are shown on the right. (C) Ratio of LAMP3+DCs of total DCs. mLN, nLN, nLung, and tLung denote metastatic, normal lymph nodes, normal lung tissues, and lung tumor tissues, respectively. (D) Correlation between MScore and CTL level. (E) Correlation of myeloid cell signature and CTL level. Marker genes were ranked based on the Pearson’s correlation coefficient. Left, the marker genes of IFIT3+N5 are denoted in red. Top 10 enriched marker gene sets of myeloid cells as identified by GSEA analysis. (F) GO and KEGG functional annotation of IFIT3+N5.



According to existing knowledge, there is no LAMP3+DC3 counterpart in the classic DC subsets; we thus compared transcript profiles among three DC subtypes. We observed that LAMP3+DC3 highly expressed an “activated” DC signature in line with the previous study (16) and showed a higher migration ability, according a gene signature derived from mouse tissue-migratory cDCs (Figure 5B) (44). We then compared the ratio of LAMP3+ DCs/total DCs in GSE131907 dataset (23). The result showed that LAMP3+DCs were enriched in the lymph nodes in LUAD patients, which further demonstrates its migration ability (Figure 5C). Interestingly, GO analysis showed that LAMP3+DC3 was associated with negative regulation of the immune system (Supplementary Figure 6A), which seems to explain its enrichment in non-responders. We also note that CD274 (PD-L1) was highly expressed in LAMP3+DC3 (Supplementary Figure 6B). Altogether, LAMP3+DC3 might play an important role in immunosuppression, especially in T-cell dysfunction, albeit more mature (16).

The degree of cytotoxic T-cell infiltration (CTL) has been reported to influence ICB effectiveness and has been used as a parameter of TIDE (35, 45). We used the average expression of PRF1, GZMA, GZMB, CD8A, and CD8B to estimate the CTL levels and examined the correlation between MScore and CTL levels. Interestingly, a significant but moderate negative correlation was found (r = −0.26, p = 9e−9), suggesting that myeloid cells might affect the CTL level (Figure 5D). It could be considered that the genes with high correlation with CTL level not only exist as a biomarkers but also as a clue of potential useful cell subtype. Notably, the unique marker gene of IFIT3+N5 was enriched in the gene set, which highly correlated with CTL level (Figure 5E). Ten of the top 20 highly correlated genes were unique markers of IFIT3+N5. IFIT3+N5 was found to be involved in the viral defense response, response to INF-gamma, and type I interferon signaling pathway. KEGG pathway analysis showed that IFIT3+N5 was strongly associated with NOD-like receptor signaling pathway and NF-kappa B signaling pathway (Figure 5F). We noted that three guanylate-binding family proteins (GBP5, GBP4, and GBP1) in the top 20 correlated genes had been identified to be linked to the inflammasome activation (46, 47) and were also highly correlated with CTL level (0.804, 0.725, and 0.701). Altogether, IFIT3+N5 might play a role in activate the CD8+ cytotoxic cell response in LUAD, which act, in part, through inflammasome activation.



TIMP1+M3 Macrophages Recruit S100A8+ Neutrophils via CXCL5–CXCR2 Axes to Promote LUAD Progression

We used predefined ligand–receptor pairs (31) to examine the interactions between the myeloid cells. In terms of cell communications, we observed that macrophages showed higher proportions than other cell types (51% in ligand and 45% in receptor), suggesting macrophages may act as a hub for other myeloid cells (Figure 6A).




Figure 6 | Tumor-associated macrophages in tumor microenvironment. (A) Cell communication in LUAD immune microenvironment. The ligand (left) is displayed separately from the receptor (right). (B) Functional gene expressions in each macrophage subtypes. Tissue and MSC subtype enrichment state is shown as annotations. (C) Differentially expressed genes between CXCL9+M2 and TIMP3+M3 subtypes. Top 20 genes in each macrophage subtype were labeled. (D) GO functional annotation of CXCL9+M2 and TIMP3+M3. (E) Circos plot for predicted interactions mediated by CXCL5-CXCR2. (F) KM plots for TCGA LUAD cohort stratified by the expression levels of CXCL5 and CXCR2 and the product of CXCL5 and CXCR2.



The macrophage subtypes included both proinflammatory (M1), anti-inflammatory (M2), and a mixed phenotype, suggesting that the M1 and M2 types are underestimates of tumor-associated macrophage complexity (Figure 6B). CCL18+M1, CXCL9+M2, and TIMP1+M3 were enriched in tumor tissues and were regarded as TAMs, whereas SELENOP+M4, MMP7+M5, CHIT1+M6, and PPARG+M7 were enriched in normal tissues and considered as resident tissue macrophages (RTMs) (Supplementary Figure 7A).

We then focused on the subtypes enriched in either MSC1 or MSC2 type. TIMP1+M3 was the unique subtype enriched in MSC2, suggesting its potential ability to promote tumor progression. CXCL9+M2, the subtype also enriched in tumor tissues, showed an opposite enrichment pattern. By further comparing the RNA expression profiles between two TAM subtypes (i.e., TIMP1+M3 and CXCL9+M2), we observed that CXCL9+M2 exhibited a high expression of C1Q family genes, apolipoprotein family genes, and antigen-presentation-related genes (Figure 6C). In contrast, TIMP1+M3 showed specific expression of TIMP1, VCAN, and CXCL5. GO analysis revealed a strong enrichment of complement activation, immune response, and antigen processing and presentation pathway in CXCL9+M2, while positive regulation of angiogenesis and neutrophil chemotaxis showed significant enrichment in TIMP1+M3 (Figure 6D). Meanwhile, we found that TIMP1+M3 showed a functional relationship with neutrophil, as indicated by GO annotation. By the cell–cell interaction analysis, TIMP1+M3 was predicted to interact with neutrophils (IFITM2+N2 and S100A8+N3) via CXCL5–CXCR2 axes, suggesting that TIMP3+M3 attracted the neutrophil via the chemokine (Figure 6E). S100A8+N3, which was attracted by TIMP1+M3 via the CXCL5–CXCR2 axes, was identified as a risk factor and showed moderate positive correlation with TIMP3+M3, while its correlation with IFITM2+N2 was negative (Supplementary Figures 2 and 7B). We also observed the higher value CXCL5 × CXCR2 was associated with an unfavorable OS, whereas no such association was observed for either CXCL5 or CXCR2 (Figure 6F). Interestingly, TIMP1+M3 and S100A8+N3 were positively correlated with N stage, suggesting their important role in lymph node metastasis (Supplementary Figure 4C).

We also investigated other macrophage subtypes. SELENOP+M4 showed high expressions of CCL4L2, CCL3L3, CCL3, and CLL4. GO analysis revealed leukocyte chemotaxis and positive regulation of cytokine production pathway as enriched in SELENOP+M4 (Supplementary Figure 7C). SELENOP+M4 also highly expressed antigen presentation and T-cell activation-related genes, suggesting it might play an important anticancer role and involvement in immune activation (Figure 6B). PPARG+M7 was identified as resident alveolar macrophage with high expressions of PPARG, FABP4, INHBA, and ALDH2 (48). We noted that PPARG+M7 was enriched in ICB responders, suggesting that it may also play a key role in regulating antitumor immunity as a tissue-specific macrophage.




Discussion

We generated a TIM-related genes-specific reference matrix based on scRNA-seq data set and calculated the infiltration of TIM subtypes in the TCGA LUAD cohort. According to intratumor TIM heterogeneity, patients were stratified into two groups, MSC1 and MSC2. We found that MSC subtype was strongly associated with OS and ICB responses. Specific TIM subtypes showed particular functions in tumor progression. In discussing this work, we focused on the results that have promising applications and those that are closely related to clinical treatment.

We proved that the MSC subtype represents the states that either may or may not respond to ICB therapy in multiple datasets. In particular, the MSC subtype was useful for the estimation of differences in TIMs infiltration states. We validated the effectiveness of MSC subtype by comparing it with the TIDE score, which mainly considered the function of cytotoxic T cells as predictive of ICB response. The TIDE score shows significant differences within two MSC subtypes in TCGA and in the two GEO datasets. Since both lymphocytes and myeloid cells have been reported to be related with ICB response (49), we believe that MSC subtypes and TIDE score reflected different aspects of ICB responses of patients and that MSC subtypes could be jointly used with TIDE score to achieve a better estimations in a clinical context.

In our paper, three TIM subtypes were identified as ICB response related, including LAMP3+DC3, IFIT3+N5, and PPARG+M7. LAMP3+DC3 was enriched in ICB nonresponders and was identified as a more mature DC subtype. Compared with other two DC subtypes, CD1C+DC1 and CLEC9A+DC2, the negative regulation of immune system process pathways were enriched in LAMP3+DC3. CCR7 is necessary for the migration of tumor-infiltrating DCs into tumor-draining lymph nodes (50). LAMP3+DC3 highly expressed CCR7 and showed the strongest migration ability, indicting LAMP3+DC3 might migrate to the lymph node and suppress immune activation. Similar DCs were identified in the single cell study of hepatocellular carcinomas and were described to be related with T-cell dysfunction by interacting with T lymphocytes (16). Zhang et al. also suggested that LAMP3+DCs in tumors might originate from cDC1 and cDC2. Thus, LAMP3+ DCs may not only be a predictive factor of ICB response but also could be considered as a new target for immunotherapy.

As multiple studies have demonstrated that tumor infiltrating neutrophils are related to cytotoxic T cells in various ways (51–53), we confirmed that our identified IFIT3+N5, a subtype of neutrophil, was enriched in ICB responders and showed positive correlation with CTL. Functional annotation indicated that IFIT3+N5 might activate CD8+ T lymphocytes, partly via inflammasome activation. According to a previous study, IFIT3+N5 corresponds to a group of mature neutrophils that are expanded in virus-infected tissues (54). Considering that neutrophils might be converted into different phenotypes, either anti- or protumoral (55), the clarification of how the precursor cells are changed to IFIT3+N5 will be an important consideration for future studies.

It has been reported that CXCR2+ neutrophils are recruited by CXCL5 in tumor tissues to promote tumor progression in liver and non-small cell lung cancers (56, 57). However, most of these studies used cell lines, tissue sections, and mouse models, which made it difficult to identify the specific cell subtypes involved. In this article, we clearly identified that TIMP3+M3 recruited S100A8+N3 via CXCL5–CXCR2 axes. TIMP3+M3 and S100A8+N3 were both identified as protumoral cell types and related with lymph node metastasis, suggesting that those cells might promote the tumor progression in synergy. CXCR2 and CXCR4 were seen as required when neutrophils egress from the bone marrow and are retained in the lungs (58). Here, we noticed a repulsive expression pattern between CXCR2 and CXCR4 in the neutrophils (Supplementary Figure 7D). Thus, a blockade of CXCR2 might lead to decreasing infiltration of S100A8+N3, which might partly explain the high performance of CXCR2 antagonists (59).

In summary, the main purpose of this paper was to develop a time-saving approach to quantify the cell-type proportions from bulk RNA-seq data at single-cell resolution. We generated the landscape of myeloid cells in LUAD and stratified the patients into two infiltrating patterns (MSC1 and MSC2). We observed a significant relationship between TIM infiltrating pattern and OS and ICB responses and validated this finding in two external independent cohorts. We identified special myeloid subtypes related with tumor progression and ICB response, leading to new insights into the function of TIMs in cancer. These findings could assist scientists in understanding the complexity of TIMs and help optimize related immunotherapy strategies. As the future work, functional studies, like immunophenotyping, are needed to clarify the special role of mentioned myeloid cells and their function in cancer immunotherapy.
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Background

As a kind of small membrane vesicles, exosomes are secreted by most cell types from multivesicular endosomes, including tumor cells. The relationship between exosomes and immune response plays a vital role in the occurrence and development of tumors. Nevertheless, the interaction between exosomes and the microenvironment of tumors remains unclear. Therefore, we set out to study the influence of exosomes on the triple-negative breast cancer (TNBC) microenvironment.



Method

One hundred twenty-one exosome-related genes were downloaded from ExoBCD database, and IVL, CXCL13, and AP2S1 were final selected because of the association with TNBC prognosis. Based on the sum of the expression levels of these three genes, provided by The Cancer Genome Atlas (TCGA), and the regression coefficients, an exosome risk score model was established. With the median risk score value, the patients in the two databases were divided into high- and low-risk groups. R clusterProfiler package was employed to compare the different enrichment ways between the two groups. The ESTIMATE and CIBERSORT methods were employed to analyze ESTIMATE Score and immune cell infiltration. Finally, the correlation between the immune checkpoint-related gene expression levels and exosome-related risk was analyzed. The relationship between selected gene expression and drug sensitivity was also detected.



Results

Different risk groups exhibited distinct result of TNBC prognosis, with a higher survival rate in the low-risk group than in the high-risk group. The two groups were enriched by immune response and biological process pathways. A better overall survival (OS) was demonstrated in patients with high scores of immune and ESTIMATE rather than ones with low scores. Subsequently, we found that CD4+-activated memory T cells and M1 macrophages were both upregulated in the low-risk group, whereas M2 macrophages and activated mast cell were downregulated in the low-risk group in patients from the TCGA and GEO databases, respectively. Eventually, four genes previously proposed to be targets of immune checkpoint inhibitors were evaluated, resulting in the expression levels of CD274, CTLA4, LAG3, and TIM3 being higher in the low-risk group than high-risk group.



Conclusion

The results of our study suggest that exosome-related risk model was related to the prognosis and ratio of immune cell infiltration in patients with TNBC. This discovery may make contributions to improve immunotherapy for TNBC.





Keywords: TNBC, exosome, immune cell infiltration, risk model, ESTIMATE



Introduction

Breast cancer (BC) is the most prevalent type of cancer and the most common cause of cancer-related deaths among women worldwide (1). TNBC is a subtype of breast cancer histologically defined by the lack of estrogen receptor (ER), progesterone receptor (PR), and HER-2 overexpression (2). Although this subtype of BC accounts for approximately 15%–20% of BC cases worldwide, it is associated with higher incidence of local recurrence and metastasis. In the last decades, the treatment of TNBC has been limited to surgery, chemotherapy, and radiotherapy (3). More recently, biomarker-driven therapies and immune checkpoint inhibitors are demonstrated as promising selections for a subset of TNBC treatment (4). Additionally, as a class of potent anticancer drugs, antibody-drug conjugates are approved for TNBC by FDA (5). Nevertheless, numbers of TNBC patients experience disease progression (DP) within 2–5 years from initial diagnosis (6). Hence, better understanding of the underlying mechanisms involved in TNBC progression and effective treatments against TNBC are urgently needed.

As a type of extracellular vesicles (EVs), exosomes are homogenous membrane vesicles (ranging from 30 to 150 nm), derived from the multivesicular bodies (MVBs), formed by the budding of the endosomal membranes and released in the extracellular space upon fusion with the plasma membrane (7, 8). In 1983, exosomes were discovered and considered to operate as cellular garbage disposal (9, 10). With the investigation of biological function, angiogenesis, immunity, and metastasis have been demonstrated to be regulated by exosomes from cancer cells, making a critical effect in facilitating tumorigenesis (8, 11, 12). Interestingly, some studies indicated that one part of the human epidermal growth factor receptor (HER) family was exosome associated in breast, gastric, and pancreatic cancers (8, 13–15). Moreover, other studies identified higher expression levels of serum exosomal-annexin A2 (exo-AnxA2) in female with breast cancer against noncancer, especially for TNBC rather than luminal and HER2-positive BC (16). Consequently, further searches for exosomes in breast cancer are emerging as a highly potential method for diagnosis and treatment of breast cancer.

In 1996, immunologists discovered that Epstein-Barr virus-transformed B lymphocytes were able to secrete exosomes via fusion of MVBs with the plasma membrane (17).

On the other hand, exosomes released by some tumors also contain a variety of immunosuppressive molecules (18), which can reduce proliferation of CD4 and CD8 T lymphocytes (19–22) or natural killer (NK) cells (23, 24) or promote the differentiation of regulatory T lymphocytes, myeloid cells, and immunosuppressive cells in vitro (25, 26). Consequently, exosomes are closely related to immunotherapy of malignant tumor. Recently, immunotherapy has made appreciable progress in antitumor practice. Based on the immune regulation between the tumor microenvironment (TME) and cancer cells, the clinical benefits of immunotherapy are achieved compared with the traditional treatments by stimulating a sustained antitumor immune response (27). As a vital part of the TME, infiltrating immune cells are considered closely related to tumor progression and the immunotherapy efficacy (28, 29). Previous studies in early stage TNBC and HER2-positive BC suggested potential benefit of immune activation to improve prognosis (30). Immune checkpoint blockade monotherapy and immunotherapy in combination with chemotherapy have been reported to achieve encouraging results in treatment of some subtypes of breast cancer (31, 32). Hence, it is critical to identify novel biomarkers to identify immunotherapy responsive subtypes of breast cancer.

This study aimed to explore the relationship between exosome-associated genes and the immune microenvironment of TNBC. In the present study, the gene profile data of TNBC patients were extracted from the TCGA and GEO databases and genetic data related to exosomes were downloaded from ExoBCD database to analyze and construct an exosome risk model. The prognostic prediction for TNBC patients was conducted according to this risk model. Subsequently, the exosome risk score was used as the entry point to investigate distinction in the infiltration rate of immune cells. On this basis, the interrelation between exosome risk score and tumor immune microenvironment was further searched and four genes (33–35) previously reported associated to immune checkpoint inhibitors were also analyzed. In the future, this crucial treatment method will be employed to develop numbers of interesting combination therapy strategies.



Materials and Methods


Data Acquisition

Clinical information and RNA-sequencing expression date of TNBC patients were collected from the TCGA (http://cancergenome.nih.gov/) as a training set. Subsequently, the corresponding information of TNBC patients from the GSE58812 dataset was downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) as a validation set. A total of 1,066 TNBC samples from TCGA and 107 TNBC samples from the GEO were included in our study. Followed by batch normalization, the patients were removed due to clinical data being incomplete and overall survival was less than 90 days. Thus, 123 TNBC samples from the TCGA and 105 TNBC samples from the GEO with complete follow-up information were enrolled in our training data set and validation set for further analyses, respectively. Afterwards, 121 exosome-related genes were downloaded from ExoBCD database (https://exobcd.liumwei.org/) and provided in Supplementary S1.



Constitution of a Risk Model

The genes related to exosome in the TCGA cohort were ascertained by Venn diagram. Univariate Cox analysis of overall survival (OS) was performed to select exosome-related genes with independent prognostic significance and visualized via forest plots. Afterwards, the least absolute shrinkage and selection operator (LASSO) Cox regression model was applied to reduce redundant genes and obviate model overfitting. Accordingly, all independent prognostic genes were determined in the model (36). The risk score of patients was calculated according to the gene expression level and the risk score formula was constructed as:  . (N = 3, Expi indicated the expression level for each exosome-related genes, and Coei indicated the corresponding Cox regression coefficient.) Afterwards, patients were divided into high- and low-risk groups based on the median risk score of the TCGA cohort. According to the signature of genes expression, PCA was conducted by the “prcomp” function of the “stats” R package. Survival analysis between the different risk groups were performed with the “survminer” R package. The predictive accuracy of the gene signature was assessed by time-dependent ROC curve analysis. Consequently, the risk score was demonstrated as an independent prognostic factor for TNBC patients by univariate and multivariate COX regression analysis. Bilateral p < 0.05 were considered statistically significant, and the 95% confidence intervals were determined by calculating the hazard ratio (HR).



Functional Enrichment Analysis

The functional enrichment analyses including Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were carried out for the different expression genes (DEGs) between high- and low-risk cohorts by means of the R clusterProfiler package. Also, biological process (BP), molecular function (MF), and cellular component (CC) are included in GO terms. GO terms and KEGG pathways with p-values <0.05 were considered significant.



Evaluation of Tumor Microenvironment in TNBC Cohorts

Estimation of stromal and immune cells in malignant tumor tissues using expression (ESTIMATE) algorithm was adopted to calculate the ratio of the immune-stromal component in TME through “estimate” R package, which generates immune score, stromal score, and ESTIMATE score (37). Subsequently, the immune score, stromal score, and ESTIMATE score were calculated in the high- and low-risk groups, respectively. The higher the respective score, the greater is the proportion of the corresponding component in TME.



Evaluation of Immune Cell Type Components

CIBERSORT (http://cibersort.stanford.edu/) is a common method for immune cell infiltration estimation and analysis, evaluating the ratio of diverse cell subtypes in mixed cell samples by RNA-seq expression profile. Naive and memory B cells, seven types of T cells, NK cells, plasma cells, and myeloid subsets are all included in 22 marked immune cell subtypes, of which, the annotated gene expression signatures are visualized by LM22. CIBERSORT was used to evaluate the proportion of 22 immune cell subtypes in the high- and low-risk groups (38). The hypothesis of the type of immune cells was considered accurate and statistically significant for further analysis with the p < 0.05. Hence, the CIBERSORT algorithm was employed to assess the fractions of tumor immune infiltrating cell (TIIC) type components in each TNBC sample. The Wilcoxon’s test was conducted to distinguish the characteristics of TIIC between high- and low-risk group tissues.



Correlations Between Gene Expression and Exosome-Related Risk

The genes playing a critical role in immune cell regulation was selected. Subsequently, the ggplot2, GGPUBR, and ggExtra packages in R were employed to identify the relationships between gene expression levels and different risks of exosomes.



Drug Sensitivity Analysis

CELLMINER website (https://discover.nci.nih.gov/cellminer/) is a tool for NCI-60 database analysis, including 60 cancer cell line information. The mRNA profiles and drug sensitivity IC50 values of the NCI-60 panel of human cancer cell lines were extracted from the website, and then, the therapeutic effects of 163 Food and Drug Administration (FDA)-approved drugs in TNBC patients were determined. The Wilcoxon’s test was employed to analyze the significance between differences in the IC50 Z-score between the high- and low-risk groups. Results were presented in terms of box drawings plotted by the ggplot2 function of R.



Statistical Analysis

All statistical analyses were conducted by R software (version 4.0.5) (https://www.r-project.org/). The association of clinicopathological variables in TNBC patients between high- and low-risk cohorts was subjected to the Chi-square test. The differences between variables of two groups were examined by using the Wilcoxon’s test. Kaplan-Meier curve was employed to assess the survival data. Independent prognostic factors were evaluated via univariate and multivariate Cox regression analyses. p < 0.05 was considered statistically significant.




Results


Characterization of Exosome Risk Score to Predict TNBC Prognosis

The basic characteristics of TNBC patients in the TCGA database and the GEO database are presented in Table 1.


Table 1 | Clinicopathological characteristics of TNBC patients in this study.



The exosome-associated gene set from ExoBCD database was downloaded, which contains 121 genes involved in immune regulation pathways. One hundred seventeen genes related to exosome in the TCGA cohort were ascertained by Venn diagram (Figure 1).




Figure 1 | Venn diagram of genes in TCGA cohort and exosome-related genes. The 121 exosome-associated genes were downloaded from ExoBCD database, of which, 117 genes related to exosome in the TCGA cohort were ascertained by Venn diagram.



To build an exosome risk model to predict the prognosis of TNBC patients, univariate Cox regression analysis was carried out for initial screening on 117 common genes in the TCGA training dataset. Hence, the interferences form excessive confounding genes were removed and the genes with the most significant effect on prognosis were selected. After the univariate Cox regression analysis, four exosome-related genes were confirmed to be associated with patient’ OS (p < 0.05). The relationship between each gene and overall survival was visualized by forest plot (Figure 2). To avoid exclusion of important prognosis genes, four genes mentioned were moved into LASSO regression and three significant independent prognostic genes were identified. Subsequently, the LASSO coefficient profiles of the three genes were presented (Figure 3A) and 10-fold crossvalidation results were produced to determine optimal values of the penalty parameter λ (λ = 0.03317128) (Figure 3B).




Figure 2 | Screening for exosome-related genes associated with prognosis of TNBC patients by univariate Cox regression analysis. Four exosome-related genes were confirmed to be associated with patient’s OS (p < 0.05).






Figure 3 | Selecting exosome-related genes associated with patient prognosis by LASSO Cox regression analysis. (A) LASSO coefficient profiles of three genes with p < 0.01. (B) Tenfold cross-validations result which identified optimal values of the penalty parameter λ.



According to these results, three-gene prognostic model to assess the OS of TNBC patients was constructed according to the expression of the three genes and their regression coefficients as follows: Risk score = (0.122 × expression level of IVL) + (−0.176 × expression level of CXCL13) + (0.072 × expression level of AP2S1). Subsequently, the median risk score of TCGA cohort was set as the cutoff value to separate the patients into low- and high-risk groups.

Worse survival rates were indicated in patients with high-risk score in the training set by the Kaplan-Meier curves (p < 0.01) (Figure 4A). Afterwards, a time-dependent ROC analysis was carried out at 2, 3, and 5 years to evaluate the prognostic accuracy of the risk score. Therefore, the identified prognostic signature had been validated to be robust efficient by the area under the curve (AUC) in predicting the OS for TNBC patients (AUC = 0.764, 0.869, and 0.769 at 2, 3, and 5 years, respectively, Figure 4C). Analogously, 105 patients from GSE58812 were selected as the validation cohort, and the risk score of every patient was calculated according to mentioned three-gene signature. Subsequently, the median risk score of TCGA cohort was set as the cutoff value to separate the patients in the validation cohort into low- and high- risk groups. Based on the Kaplan-Meier curves (p < 0.01), the worse outcomes were observed in high-risk patients (Figure 4B). Notably, the risk score had been verified with a good long-term prognostic accuracy, shown in the time-dependent ROC analysis (AUC = 0.792, 0.747, and 0.720 at 2, 3, and 5 years, respectively, Figure 4D). Therefore, a three-gene signature to assess the prognosis of TNBC patient was established successfully.




Figure 4 | Efficacy of the exosome risk model on prognosis of TNBC patients. (A, B) Kaplan-Meier survival curves for TNBC patients from TCGA and GEO databases, stratified according to risk scores (high vs. low). (A) The median survival time in high- and low-risk groups of TCGA cohort are 4.91 and 9.51 years, respectively; comparisons of the survival time in high- and low-risk groups with log-rank tests (p = 2.67E−04); the hazard ratio of TCGA cohort is 6.25; the 95% CI for high- and low-risk groups are presented as the red and blue shaded parts, respectively. (B) Patients in both the high- and low-risk groups of GEO cohort have not achieved median survival times; comparisons of the survival time in high- and low-risk groups with log-rank tests (p = 6.67E−03); the hazard ratio of GEO cohort is 3.24; the 95% CI for high- and low-risk groups are presented as the red and blue shaded parts, respectively. (C, D) ROC curve analysis of the accuracy of the model to predict patient prognosis at 2, 3, and 5 years in the training set (C) and the validation set (D).



Afterwards, according to the median risk score of the TCGA cohort, the TNBC patients from the TCGA and GEO cohorts were divided into high- or low-risk group (Figures 5A, B). The high-risk group showed poor prognosis rather than the low-risk group (Figures 5C, D). Principal component analysis (PCA) indicated the patients were categorized in opposed directions according to the distinct risk groups. The results of PCA were similar between the GEO cohort and TCGA cohort (Figures 5E, F).




Figure 5 | Prognostic analysis of the three-gene signature model in TCGA cohort and GEO cohort. (A, B) The distribution and median value of the risk scores in TCGA cohort (A) and the median risk score of TCGA was set as the cutoff value of high- and low-risk groups in GEO cohort (B). (C, D) The distributions of OS status and risk scores in TCGA cohort (C) and GEO cohort (D). (E, F) PCA analysis plot of TCGA cohort (E) and GEO cohort (F).



In order to evaluate the efficacy of the three-gene signature to be an independent predictor of prognosis for TNBC patients, the three-gene signature along with covariates including race, age, and tumor stage were brought into the univariate and multivariate Cox regression analysis. The univariate Cox regression analysis revealed that the tumor stage and exosome-related risk score were independent variables for forecasting the prognosis of TNBC patients in the TCGA cohort (p < 0.001, HR = 26.407 (95% CI, 5.537–125.936) and p < 0.001, HR = 3.752 (95% CI, 2.023–6.960), p < 0.001, Figure 6A). The multivariate Cox regression analysis also demonstrated that the stage and exosome-related risk score were independent prognostic factors of TNBC patients in the TCGA cohort (p < 0.001, HR = 28.009 (95% CI, 5.571–140.828) and p < 0.001, HR = 5.057 (95% CI, 2.196–11.647), p < 0.001, Figure 6B).




Figure 6 | The results of the univariate and multivariate Cox regression analyses regarding significant survival-related clinical characteristic parameters in TCGA. (A) The forest plots for univariate Cox regression analysis show that risk score (high risk vs. low risk) and AJCC stage (stages I and II vs. III and IV) were prognostic risk-related variables. (B) The forest plots for multivariate Cox regression analysis show risk score (high risk vs. low risk) and AJCC stage (stages I and II vs. III and IV) were independent prognostic factors.





KEGG and GO Functional Enrichment Analysis

GO and KEGG analyses were conducted to clarify the biological functions and pathways related to the risk score. The top 30 enriched GO terms are manifested in Figure 7, based on biological process (BP), cellular component (CC), and molecular function (MF). Also, the 30 enriched KEGG pathways are manifested in Figure 8, as well. Among them, a majority of GO terms and KEGG pathways were related to immune responses and biological processes.




Figure 7 | Representative results of GO enrichment analysis in TCGA and GEO databases. The results of GO biological process enrichment, GO cellular component enrichment, and GO molecular function enrichment of DEGs between different risk groups in TCGA (A) and GEO (B) cohorts.






Figure 8 | Representative results of KEGG enrichment analysis in TCGA and GEO databases. The results of KEGG pathway analysis of DEGs between different risk groups in TCGA (A) and GEO (B) cohorts.





Correlation of ESTIMATE Score and Exosome-Related Gene Prognostic Model

The ESTIMATE algorithm was employed to calculate the ESTIMATE score of every sample, reflecting the TME landscape and the overall degree of immune infiltration (37). As shown in Figure 9, both in training and validation cohorts, patients in the low-risk group are proved with higher immune and ESTIMATE scores than patients in the high-risk group (p < 0.05).




Figure 9 | The scatter plot shows that the stromal scores, the immune scores, and the ESTIMATE scores are distributed differently between different risk groups in TCGA (A–C) and GEO cohorts (D–F).





Infiltrating Immune Cell Distribution in TNBC

The pathway enrichment analysis indicated that the DEGs of exosome-related genes between high- and low-risk groups commonly enriched in the pathways associated to immunity, inflammation, and so on. Accordingly, CIBERSORT algorithm was employed to calculate TIIC proportions and establish 22 kinds of TIIC profiles. Figures 10A, B shows the ratio of immune cell infiltration in TCGA and GEO databases, respectively. As shown in Figures 11A, B, CD8+ T cells (p < 0.001), CD4+-activated memory T cells (p < 0.001), and M1 macrophages (p = 0.017) were upregulated, while M2 macrophages (p = 0.038) was downregulated in the low-risk group in patients from TCGA. As for GEO database, naïve B cells (p = 0.004), CD4+ naïve T cells (p = 0.035), CD4+-activated memory T cells (p < 0.001), gamma delta T cell (p < 0.001), M1 macrophages (p < 0.001), and resting mast cell (p = 0.003) were upregulated, while M0 macrophages (p = 0.043), M2 macrophages (p = 0.016), and activated mast cell (p < 0.001) were downregulated in the low-risk group. Hence, targeting exosome-related gene research can be a seminal discovery for future immunotherapy for tumor patients.




Figure 10 | Immune infiltrations of TCGA and GEO cohorts. Relative proportion of immune infiltration in TCGA (A) and GEO (B).






Figure 11 | Correlation of distinct different immune cells between high- and low-risk groups in TCGA (A) and GEO (B), respectively.





Immune Checkpoint Gene Expression in Each Risk Group

The expression of immune checkpoint genes related to the treatment response of immune checkpoint inhibitors was also analyzed. The expression status of four genes formerly raised to be targets of immune checkpoint inhibitors were evaluated: PD-L1(CD274), CTLA4, LAG3, and TIM3. Figure 12 reveals that the expression levels of CD274, CTLA4, LAG3, and TIM3 were higher in the low-risk group than the high-risk group.




Figure 12 | Immune checkpoint gene expression levels in high- and low-risk groups. The expression levels of CD274 (A), CTLA4 (B), LAG3 (C), and TIM3 (D) in each group in TCGA cohort (p < 0.001). The expression levels of CD274 (E), CTLA4 (F), LAG3 (G), and TIM3 (H) in each group in GEO cohort (p < 0.001).





Drug Sensitivity Analysis for Independent Prognostic Genes Related to Exosomes

CellMiner database was adopted to evaluate the significance between the distinctions between the high- and low-risk cohorts on drug sensitivity for better precision treatment. Z-score is a tool to measure the drug sensitivity, and the higher the score, the more sensitive to the drug treatment. The exosome-related risk score of NCI60 cell lines was calculated, and the relationship between the risk score and the inhibitory centration (IC50) value of 163 FDA-approved drugs across 60 cell lines were further analyzed. As consequence, sunitinib, pralatrexate, copanlisib, acetalax, and bisacodyl appeared to associate significantly with the exosome-related risk model (|Pearson’s correlation|>0.25 and p < 0.05, Figures 13A–E). Notably, a high-risk score was linked to a lower half IC50 of sonidegib (Wilcoxon’s test, p = 0.047, Figure 13F). However, a low-risk score was related to a lower half IC50 of medications including pipobroman (Wilcoxon’s test, p = 0.044, Figure 13G) and mithramycin (Wilcoxon’s test, p = 0.026, Figure 13H). These findings indicated that the model was probable to function as a chemosensitivity predictor.




Figure 13 | The exosome-related risk model as a potential predictor for chemosensitivity. (A–E) The respective IC50 value of chosen compounds in relation to the risk score, as shown by Pearson’s correlation analysis (sunitinib, pralatrexate, copanlisib, acetalax, and bisacodyl) appeared to associate significantly with the exosome-related risk model (|Pearson’s correlation|>0.25 and p < 0.05). (F) Those with high-risk scores were found to possess lower IC50 scores for FDA-approved chemotherapeutics such as sonidegib (p < 0.05). (G, H) Those with low-risk scores were indicated to possess lower IC50 scores for medications including pipobroman and mithramycin (p < 0.05). The p-values were calculated using the Wilcoxon’s test.






Discussion

In a majority of cell types, multivesicular endosomes release small membrane, such as exosomes, playing vital roles in cell-to-cell communications (18). Exosomes are investigated in various biological functions, including antigen presentation, immune regulation, apoptosis evasion, drug resistance, immune surveillance escape, and so on (8, 18). In addition, exosomes secreted from some malignant tumor cells were considered a key in regulating angiogenesis, immunity, and metastasis to promote tumorigenesis (11, 12). Some studies reported that exosomes were easily available and stable in vitro. Therefore, researchers suggested that exosomes would have huge potentiality in malignant tumor diagnosis and treatment in early stage (39). By way of example, the finds in pancreatic ductal adenocarcinomas by Bruno Costa-Silva et al. suggested that exosomal macrophage migration inhibitory factor (MIF) primed the liver for metastasis because of the high expression of MIF in PDAC-derived exosomes and the blockade of MIF could prevent liver premetastatic and metastatic niche formation (40). The study in melanoma by Peinado et al. found that the metastatic behavior of primary tumors was governed by the transfer of exosomes to bone marrow progenitor cells via MET receptor (11). Additionally, the exosome-related liquid biopsy approach has been applied to detect prostate and lung cancer markers (41, 42). Wang et al. discovered that exosomal tetraspanin CD82 was associated with BC progression and the high expression levels of CD82 were detected in BC patient serum (43). More recently, automated micro flow cytometer was employed by Kibria et al. to analyze expression status of exosomes isolated from tumor cells and blood of BC patients (44). A significant reduction in CD47 expression in circulating exosomes was observed in breast cancer patients (45). Furthermore, some studies in breast cancer indicate that exosomal proteins and microRNAs may also be used as cancer biomarkers. Gonzalez Villasana et al. confirmed the higher concentrations of exosomes in breast cancer patients by isolating miR-145, miR-155, and miR-382 in the exosomes from BC and noncancer patients, proving a correlation between the concentration of exosomes and the status of malignant breast tumors (46, 47). This phenomenon has been hotly discussed by many scholars. Anyway, the potential efficacy of exosomes to be a vital factor of microenvironment in TNBC diagnosis and treatment is always being researched.

With a deepening understanding of the mechanisms of exosomes, exosome-related gene expression status is associated with tumor progression. Therefore, three exosome-related genes were included in our exosome-related gene model by univariate Cox and LASSO Cox regression analysis. The prognosis of high-risk group and low-risk group patients were distinct different and patients in the low-risk group had a significantly higher survival ratio. Additionally, the ROC curve analysis confirmed that the established prognostic signature was powerful in predicting the OS for TNBC patients. Subsequently, the TNBC patients from the GEO cohort were categorized into high and low risk groups according to the median value of risk score and the group with lower risk score had a better prognosis rather than higher risk score. Hence, the three-gene signature along with covariates including race, age, and tumor stage were involved in the univariate and multivariate Cox regression models, proving that exosome-related gene risk score and tumor stage were independent prognostic factors for TNBC patients. Furthermore, R clusterProfiler package was applied to identify pathways enriched in the different risk groups. The result suggested that a majority of GO terms and KEGG pathways were related to lymphocyte activation and biological processes.

Immunologists discovered that exosomes play a vital role in antigen specific immune responses. Exosomes carry MHC-peptide complexes and antigens to increase the number of dendritic cells (DCs), which can present antigenic peptides to T cells (17). Notably, some studies indicated that exosomes released by tumors also bear various immunosuppressive molecules, for instance, CD4 and CD8 T lymphocytes (19, 21), NK cells (23, 24), regulatory T lymphocytes (25), and myeloid cells (26). Besides, some experiments in vivo mouse models obviously demonstrated that the antigen-shuttle function of exosomes overcame their inhibitory effects on immune cells in conditions of artificial overexpression of an antigen (24). By contrast, several groups favored the idea that, as for tumors, exosomes could inhibit anti-tumor immune responses and promote tumor progression such as migration and angiogenesis to form metastases (48). Recently, studies observed that patients with large malignant tumors had the increasing numbers of exosomes carrying tumor markers, which might only be the result of tumor expansion, instead of actively participating of vesicles in tumor progression of (49). Although, exosome secreted by tumors plays a vital role in immune system, the interaction mechanism is still much less explored.

Several immune activities are closely related to exosomes in tumors. Exosomes released by tumors can transfer antigens to DCs to activate specific T cells and make the activating ligands of NK cells and macrophages exposed to further promote immune responses (18). Oppositely, they carry different signals that can suppress various immune cells. Recently, a study about exosomal miRNA in breast cancer suggested that the transmission of miR-138-5p via exosomes could led to downregulation of KDM6B expression, inhibition of M1 polarization and stimulation of M2 polarization. Therefore, the relationship between exosomes and immune system was further detected (50). It has been reported that ESTIMATE scores could be used to predict survival time of patient with cancer to further clarify the facilitating effect of the microenvironment to tumor cells infiltration (51). In addition, stromal and immune cells from the TME play a crucial role in the tumorigenesis and tumor progression, related to the prognosis of patients with malignant tumors. In our study, low exosome-related risk group indicated a higher immune and ESTIMATE scores rather than high risk group. Subsequently, CIBERSORT algorithm was employed to calculate TIIC proportions and establish 22 kinds of TIIC profiles for high and low exosome-related risk groups. The result implicated that CD4+-activated memory T cells and M1 macrophages were both upregulated in low-risk group in patients from the TCGA and GEO databases, whereas M2 macrophages was downregulated in the low-risk group in patients from the TCGA and GEO databasses, respectively. As important regulators of the tumor microenvironment, exosomes have been suggested to play vital roles both in promoting immune response, as well as in inhibiting immune responses (52). Some studies implicated that exosome derived from tumor cell contained a lot of DNA, mRNAs, miRNAs, and enzymes, which shaped innate immune responses in tumor microenvironment. The exchange between immune cells and other cell types may be accomplished through the packaging of RNAs and DNAs (both single and double stranded) into exosomes that are selectively targeted and internalized with specific cell surface motifs. Fabbri et al. proposed that oncogenic genes miR-21 and miR-29a excreted by exosomes derived from lung cancer cells were able to combine TLR with mouse (TLR7) and human (TLR8), resulting in TLR-mediated NF-κB activation and secretion of the prometastatic inflammatory cytokines TNF-α and IL-6 (53). The mechanisms of tumor-immune system communication are of great significance for investigating the TIME regulatory factors. NK cells are known to kill tumor cells and produce cytotoxic cytokines, which can be trained through tumor-derived exosomes (54). Additionally, the status of DCs in tumor immune microenvironment (TIME) can also be influenced by exosomes released from tumor cells. Some other membrane and immune-related molecules involved in the recruitment and activation of immune cells in TIME were detected in exosomes derived from DCs (55). Moreover, exosomes secreted from tumor cells were demonstrated as one of stimuli to regulate macrophages. M2 was reported to be closely associated with the progression and prognosis of malignant tumor. Compared with M2, exosomes released by M1 could enhance antigen-specific cytotoxic T-cell responses to further enhance the activity of lipid calcium phosphate nanoparticle-encapsulated Trp2 vaccine. While, exosomes derived from M2 were verified to promote the growth and invasion of BC cells (56, 57). As for neutrophils, some cytokines and mediators were reported to be loaded via exosome-related neutrophils to modulate tumor progression. However, the stimuli in the TIME can in turn regulate the status of neutrophils to further shape tumor immune responses and influence tumor development (55). The accumulation of mast cells in tumor sites accounts for the construction of TIME. The regulator signals and other components released by mast cells were delivered to B cells, T cells, DCs, and tumor cells by exosomes (55). Exosomes also mediate the crosstalk between tumor cells and adaptive immune cells, which is one of major mediators for intercellular communications among adaptive immune cells, tumor cells. The dysfunction of T cell can be impaired because of tumor-derived exosomes. Some in vitro studies indicated that exosomes from tumor cells can induce the apoptosis of antigen-specific CD8+ T cells to suppress their functions (58). T-cell receptor and IL-2 receptor were also reported to be negatively modulated via tumor-related exosomes, resulting to the inhibition of T-cell proliferation (59). In addition to diverse categories of immune cells, other cellular constituents of the tumor microenvironment, involving mesenchymal stem cells, fibroblasts, and endothelial cells, play an aggressive role in tumor inception, promotion, proliferation, and metastasis. Tumor cell-derived exosome could educate normal MSCs with a protumor phenotype. Exosomes derived from MSCs with inflammatory cytokine stimulation include various mediators to suppress not only the progression of B cells, T cells, and NK cells but also the differentiation and antibody production of plasma cells, as well as to induce Tregs (60–62).

Immune checkpoints play a vital role in carcinogenesis by facilitating tumor immunosuppression. Stimulating the immune checkpoint targets can prevent tumors from attacking, including PD-L1, CTLA-4, LAG3, and TIM-3. The functions of these molecules are to inhibit T-cell receptor from activating downstream signals, thereby eliminating cytotoxic T lymphocytes and suppressing antitumor immunity (63). On the contrary, it was reported that PD-1 receptor and PD-L1 as a pair of T-cell immune response costimulatory molecules play a negative role in adoptive immunity by inhibiting T lymphocyte function. AiErken et al. reported that PD-L1 expression and tumor-infiltrating lymphocytes (TILs) were particularly biologically important in TNBC. The OS and DFS of patients with negative PD-L1 expression were shorter than PD-L1 expression (64). Notably, according to recent researches, TILs was able to become a basic marker in predicting treatment response (65). Additionally, previous studies reported that LAG3 positive intraepithelial tumor infiltrating lymphocytes (iTILs) were enriched in ER-negative breast tumors and considered an independent favorable prognostic factor, and the high expression of LAG3 in tissues was related to the good prognosis of triple negative breast cancer (66). In this research, PD-L1, LAG3, TIM-3, and CTLA-4 were upregulated in the low-risk group, as well. The high expression levels of PD-L1 might be associated with TIL-mediated antitumor inflammatory, indicating that cells in immune system are active (64). However, in some studies, the expression levels of CTLA-4 and TIM-3 were high in TNBC with poor clinical outcomes, which might be associated with the different TIL characters of different TNBC subtypes, supporting potential immune checkpoint blockade combination strategies to be a novel therapy for BC.

Neoadjuvant chemotherapy has been recognized to play better efficacy in BC patients without metastasis in lymph nodes, and therefore the indication for neoadjuvant chemotherapy were extended to patients with early TNBC. The patients in early-stage TNBC treated with neoadjuvant chemotherapy regimens based on paclitaxel and anthracyclines had a pathologic complete remission (PCR) rate of 30% to 40% (67), while those treated with carboplatin and paclitaxel had a PCR rate of 45% (68). Notably, patients treated with sequential dose-intensive combination of adriamycin, cyclophosphamide, paclitaxel, and carboplatin achieved a PCR rate in approximately 50% (69). The patients treated with chemotherapy regimen of docetaxel combined with carboplatin reached a PCR rate of 55% (70). Although the addition of carboplatin induces higher PCR rate, it also entails more complex adverse effects. Besides, targeted therapy and immunotherapy also play vital roles in TNBC treatment in recent years. Unfortunately, there are still no effective drugs for TNBC treatment, which is one of the reasons why TNBC has a high mortality rate. Eventually, we investigated whether the exosome-related risk model could predict chemosensitivity in TNBC. The results demonstrated that the IC50 values were statistically higher in the low-risk group for some anticancer agents. However, mithramycin, pipobroman, and sonidegib have seldom reported to apply in breast cancer treatment. It is the limitation of our study that lacking experiments to verify the effects of the three kinds of medicine on TNBC.

This study was the first one to establish and validate an exosome risk model according to three exosome-related genes, serving as an independent prognostic factor in TNBC patients. Our findings indicated that three-exosomal-gene risk model played a vital role in immune infiltration and has a close relationship with the prognosis of TNBC. Besides, some limitations of our study should be considered. A part of a clinical data in the TCGA or GEO cohort is incomplete, and the missing data may not be completely random, causing the bias in the clinical correlation analysis. In addition, the risk model was only established by exosome-related genes, but some other hot biomarker genes were absent. We only identified the association between the exosome-related risk model and immune infiltration, while the correlation between exosomes and TIME was seldom involved. Consequently, it requires a wider range of multicenter clinical verification to support our hypothesis and further experiments are needed to validate the association between exosomes and immune cells to give novel insights in the immunotherapy of TNBC patients.



Conclusion

By combining bioinformatics tools and related algorithms, an exosome risk model that associated with immune infiltration was established and validated to predict the prognosis of TNBC patients. It can serve as an independent prognostic factor and bring new insights into the treatment of TNBC.
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We aim to construct a hypoxia- and immune-associated risk score model to predict the prognosis of patients with pancreatic ductal adenocarcinoma (PDAC). By unsupervised consensus clustering algorithms, we generate two different hypoxia clusters. Then, we screened out 682 hypoxia-associated and 528 immune-associated PDAC differentially expressed genes (DEGs) of PDAC using Pearson correlation analysis based on the Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression project (GTEx) dataset. Seven hypoxia and immune-associated signature genes (S100A16, PPP3CA, SEMA3C, PLAU, IL18, GDF11, and NR0B1) were identified to construct a risk score model using the Univariate Cox regression and the Least Absolute Shrinkage and Selection Operator (LASSO) Cox regression, which stratified patients into high- and low-risk groups and were further validated in the GEO and ICGC cohort. Patients in the low-risk group showed superior overall survival (OS) to their high-risk counterparts (p < 0.05). Moreover, it was suggested by multivariate Cox regression that our constructed hypoxia-associated and immune-associated prognosis signature might be used as the independent factor for prognosis prediction (p < 0.001). By CIBERSORT and ESTIMATE algorithms, we discovered that patients in high-risk groups had lower immune score, stromal score, and immune checkpoint expression such as PD-L1, and different immunocyte infiltration states compared with those low-risk patients. The mutation spectrum also differs between high- and low-risk groups. To sum up, our hypoxia- and immune-associated prognostic signature can be used as an approach to stratify the risk of PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is such a devastating cancer that it accounts for the seventh biggest number of cancer deaths worldwide (1). Curative surgery remains the only potential cure for PDAC, but over 80% of them lose the opportunity with an advanced stage at the first diagnosis. Chemotherapy and radiotherapy for advanced PDAC patients have limited success due to the cancer microenvironment surrounding the tumor (2). Therefore, the prognosis of PDAC patients is extremely poor, with a 5-year overall survival (OS) rate of only 5% (3). Regarding the critical situation, the most urgent thing is to discover prognostic signature for PDAC patients, which will enable stratification of patients and precise treatment.

Hypoxia, as a major feature of cancerous microenvironment, exists in most malignancies, affecting carcinogenesis and developing tumorigenesis (4). The rapid proliferation of pancreatic tumors can easily cause oxygen stress and gradually form a hypoxic microenvironment (5). The hypoxic PDAC microenvironment has the following characteristics, including a median oxygen level of less than 0.7% and the activation of related genes involved in angiogenesis and glycolysis (6, 7). Under hypoxia, different various molecules and signaling pathways are activated compared with normoxia, including hypoxia-inducible factor-1α (HIF-1α) (8), which mediates cell phenotypic changes. Kong et al. found that serine/threonine kinase (STK33) as a downstream regulator of HIF-1a can regulate the progression of pancreatic cancer, which reveals a part of the PDAC–hypoxia axis (9). Since hypoxia could affect the prognosis of PDAC patients through induction of malignant phenotypes such as invasion and drug resistance (10), discovering more signature genes in the PDAC–hypoxia axis is a necessity. More importantly, taking the microenvironment as a whole may offer new perspectives.

Known as being hypoxic, PDAC is also recognized as an immunosuppressive tumor, which with mutations in immune checkpoints will affect the prognosis (11). Despite the limited success of immune checkpoint inhibitors, such as anti-Programed Death 1 ligand (anti-PD-L1) and anti-cytotoxic T lymphocyte-associated protein 4 (anti-CTLA-4) monoclonal antibodies (12, 13), the mechanism that underlies the complexity of PDAC immune microenvironment deserves to be elucidated. For all we know, the interaction between tumor cells and immune microenvironment components is key to tumor progression and response to immunotherapy (14, 15). Accumulating lines of evidence reveal that hypoxia interacts directly or indirectly with the immune status in the PDAC microenvironment (16, 17), yet the mechanism has been under-investigated. Based on the fact that T-cell infiltration (18), DC function (19), etc. are impaired under hypoxia, Yamasaki et al. suggest in their review that immunotherapy can only be successful if these hypoxia-immune interaction issues are addressed properly (2).

All this evidence adds up to suggest that the interaction between hypoxia and immune status has certain prognostic significance for PDAC. The purpose of this study is to construct the very first hypoxia- and immune-associated prognostic signature model through systematic analysis in hope for its future incorporation into the already existing clinical staging system and an improvement of PDAC prognosis.



Materials and Methods


Data Collection and Mining of mRNA Profiles

The messenger RNA (mRNA) expression matrix and the related clinical information were obtained from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/projects/TCGA-PAAD/) and Genotype-Tissue Expression Project (GTEx) database (https://www.gtexportal.org/), respectively. In this study, specimens with no survival data were eliminated. For further verification, the clinical data and transcriptional information were obtained from PDAC cases in the International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/releases/current/Projects/PACA-AU/) and Gene Expression Omnibus (GEO) database (GSE28735, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc= GSE28735/; GSE62452, https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc= GSE62452/). To maintain the comparability of different databases, FPKM (fragments per kilobase of transcript per million fragments mapped) values of RNA-Seq were log2 transformed. Among them, a total of 364 PDAC samples with complete mRNA expression data and corresponding clinical materials were selected for subsequent analysis.



Unsupervised Clustering of Hypoxia-Associated Differentially Expressed Genes

“ConsensusClusterPlus” R package, based on the k-means machine learning algorithm, was used to perform an unsupervised consensus clustering, which allows for dividing or condensing cases to multiple different clusters, according to the provided hallmarks or signatures. Besides, hallmark gene sets summarize and represent specific well-defined biological states or processes and display coherent expression. The set of hypoxia hallmark genes (n = 200), which is classic and has been used for the hypoxia-associated analysis of other tumors, was acquired based on the Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/). In detail, we used the consensus clustering algorithm with 1,000 iterations by sampling 80% of the data in each iteration. The optimal cluster number was confirmed by the Item-Consensus plot, the proportion of ambiguous clustering (PAC) algorithm, and the relative change in the area under the cumulative distribution function (CDF) curves. Two clusters (namely, “hypoxia-low” and “hypoxia-high” groups) were selected for assessing hypoxia status. Kaplan–Meier plots were performed for hypoxia-high and hypoxia-low groups to compare their OS.



Determination and Annotation of Hypoxia-Associated and Immune-Associated DEGs

By comparing gene transcription profiles of patients from TCGA and GTEx database with R package “limma”, the overall DEGs were identified (|fold change| >2, p < 0.05). Pearson correlation was performed to select hypoxia-associated DEGs based on data from overall DEGs and hypoxia hallmark genes with the standard of Cor > 0.8 and p < 0.05. On the other hand, we converged overall DEGs and immune hallmark genes as immune-associated DEGs; the latter hallmark genes (n = 2,483) were extracted from the immunology Database and Analysis Portal (ImmPort, https://www.immport.org/) database. The potential functions of these hypoxia- and immune-associated DEGs were then ascertained through Gene Ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment Pathway analysis by using the “clusterProfiler” package in R; FDR < 0.05 was considered statistically significant.



Construction and Verification of Prognostic Signature Associated With Hypoxia and Immune Characteristics

We took the intersection between immune- and hypoxia-associated DEGs, and selected those overlapped genes for univariate Cox regression analysis. Then, they were processed with the Least Absolute Shrinkage and Selection Operator (LASSO) in order to avoid over-fitting and to delete those tightly correlated genes. Tenfold cross-validation was employed to select the minimal penalty term (λ). After that, we established an immune- and hypoxia-associated prognostic signature for the PDAC patients implicating seven hypoxia- and immune-associated DEGs. The formula of the risk score was constructed as follows:

	

where Coefi represents the coefficients and Xi represents the normalized count of each hub genes. Based on the median risk score, we stratified patients into either a high- or a low-risk group. What is more, the OS and survival-dependent receiver operating characteristic (ROC) curves at 1, 2, and 3 years of prognostic value was performed in TCGA training set and also robustly validated in the GEO and ICGC cohorts.



Independent Prognostic Value of Signature Genes and Their Relationship With Hypoxia Clusters

Hub genes that formed the prognosis signature were analyzed for their independent prognostic value by univariate Cox regression analysis. Relationship between risk score model and previously constructed hypoxia clusters were analyzed using the R package “pheatmap”. Owing to analyzing the survival conditions of the prognosis signature, the optimal cutoff value was calculated using the R package “survminer”, and the Kaplan–Meier plot of OS of these hub genes was depicted as well.



Correlations Between Hypoxia-Associated Gene Signature and Clinical Parameters

The subgroup analysis of individual signature genes in the hypoxia- and immune-associated prognostic signature was conducted based on patients’ clinical characteristics. Next, uni- and multivariate Cox regressions were used to verify the prognostic role of the hypoxia- and immune-associated gene signature and select clinical factors. Then, a nomogram was established using R package “rms” based on risk scores and clinical factors with prognostic value (pathological N, primary therapy and age). The predictive effect of the nomogram was validated by assessing the discrimination and calibration plot. To be clear, the calibration curve of the nomogram was plotted to observe the nomogram prediction probabilities against the observed rates.



Gene Set Enrichment Analysis of the Prognostic Risk Score Model

Gene set enrichment analysis (GSEA) provided by MsigDB was adopted to determine the statistical significance of molecular pathways as well as the consistent heterogeneities between high- and low-risk groups. GSEA software by JAVA program was downloaded from the official website (https://www.broadinstitute.org/gsea/). The gene sets “h.all.v7.4.symbols.gmt” and “c5.go.v7.4.symbols.gmt” were selected as the reference gene set. A pathway with FDR q < 0.25 and p < 0.05 was defined as statistically significant.



Relationships of Prognostic Gene Signature With Immunocyte Infiltration

Based on RNA-seq expression matrix of PAAD, CIBERSORT and ESTIMATE algorithms were carried out using R. CIBERSORT algorithm (http://cibersortx.stanford.edu/) was applied in analyzing the differences of immunocyte infiltration status between the high- and low-risk group with regard to 22 immunocyte subunits. Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm was adopted to measure stromal level (stromal score), immunocyte infiltration degree (immune score), and tumor purity in respective PDAC samples as the exploration of risk score model for immune status grouping. Furthermore, the expression status of common immune checkpoints was analyzed between high- and low-risk groups by drawing boxplots.



Mutation Analysis of the Risk Score Model

The somatic mutation data were acquired from TCGA GDC portal (https://portal.gdc.cancer.gov/). The R package “maftools” was then utilized to draw a waterfall plot to depict the mutation landscape in patients with the high- and low-risk group.



Statistical Methods

The independent Student’s t-test was used to compare the continuous data with normal distribution, and χ2 test for categorical data was utilized for pairwise comparisons between subgroups. The Kruskal–Wallis test (one-way ANOVA on ranks) was performed to determine if there are statistically significant differences between multiple groups. The Mann–Whitney U test was used to compare differences between two independent groups when the dependent variable is either ordinal or continuous, but not normally distributed. Kaplan–Meier analysis with a log-rank test was used to compare the OS between different subgroups. All statistical analyses were performed using the R programming language (Version 4.0.3). A difference of p < 0.05 indicated statistical significance unless specified otherwise.




Results


Exploration of Hypoxia-Associated Genes

As the prognosis of PDAC patients with different levels of hypoxia varies, we firstly performed unsupervised clustering analysis to identify distinct hypoxia patterns and stratified patients into two clusters (Figures 1A–C). Significant differences were detected across these two clusters upon OS comparison (Figure 1D), in which the patients in Hypoxia Cluster 1 (hypoxia-high, with higher extent of hypoxia) has poorer prognosis compared with patients in Hypoxia Cluster 2 (hypoxia-low). This prompted us to continue to explore the relationship between hypoxia levels and prognosis in PDAC patients by looking into hypoxia-associated gene expression.




Figure 1 | Exploration of hypoxia-associated genes. (A) The Item-Consensus Plot represented the chosen optimal cluster number (k = 2) for hypoxia genes. (B) Consensus values range from 0 to 1. (C) The corresponding relative change in area under the cumulative distribution function (CDF) curves when cluster number changes from k to k+1. The range of k changed from 2 to 9, and the optimal k = 2. (D) Survival curves of patients in Hypoxia cluster-1 and cluster-2.





Identification and Annotation Hypoxia- and Immune-Associated PDAC DEGs

By using the R package “limma”, we gathered a total of 5,364 DEGs comparing TCGA with GTEx (Figures 2A, B). Further investigation of the relationship between PDAC DEGs and hypoxia marker genes by Pearson correlation analysis showed 682 hypoxia- associated PDAC DEGs. By taking the intersection of PDAC DEGs and 2,483 immune hallmark genes, we identified 528 immune-associated PDAC DEGs. GO and KEGG pathway analysis of DEGs exhibits intriguing results. Some of the most enriched pathways of hypoxic DEGs are immune-associated, including “T cell activation”, “regulation of T cell activation”, “Lymphocyte differentiation”, and “Lymphocyte proliferation” (Figures 2C–F), suggesting that the different hypoxic status affecting PDAC prognosis may be related to the activation of immune pathways.




Figure 2 | Identification and annotation of DEGs. Heatmap (A) and volcano plot (B) of differentially expressed genes in PDAC based on data from TCGA and GTEx. (C) The top 20 of GO analysis terms of hypoxia-associated DEGs. (D) The top 20 most enriched KEGG pathways of hypoxia- associated DEGs. (E) The top 20 of GO analysis terms of immune-associated DEGs. (F) The top 20 most enriched KEGG pathways of immune-associated DEGs.





Development and Validation of Hypoxia- and Immune-Associated Risk Score Model

These hypoxia-associated DEGs were intersected with the immune-associated DEGs, and altogether 72 overlapping genes were screened for subsequent analysis (Figure 3A). By univariate Cox regression analysis, we identified the 22 most relevant DEGs. Afterwards, we chose seven genes for constructing the prognostic signature via multivariate Cox regression analysis and LASSO regression, aiming to stratify PDAC patients into two groups with discrete OS, namely, high- or low-risk groups (Figures 3A–C). Based on the median risk score, all cases were classified as high- or low-risk group. According to Kaplan-Meier analysis (Figures 3D, E, G, H, J, K), high-risk patients had remarkably reduced OS relative to low-risk patients in different sets. Additionally, 1-, 2-, and 3-year OS, based on the values of area under the curve (AUC) for TCGA PDAC cohort, GEO cohort, and ICGC cohort are shown in Figures 3F, I, L.




Figure 3 | Construction and validation of risk score model. (A) LASSO coefficient profiles. (B) Selection of the tuning parameter (lambda) in the LASSO model by 10-fold cross-validation based on minimum criteria for OS. (C) Coefficient of the seven selected genes. (D–F) Construction of TCGA training set. (D) OS of TCGA PDAC cohort. (E) Distribution of risk score and OS of TCGA training set. (F) Survival-dependent ROC curves validation at 1, 2, and 3 years of prognostic value of the prognostic index in TCGA. (G–I) Construction of GEO validation set (GSE28735 and GSE62452). (G) OS of GEO PDAC cohort. (H) Distribution of risk score and OS of GEO. (I) Survival-dependent ROC curve validation at 1, 2, and 3 years of prognostic value of the prognostic index in GEO. (J–L) Construction of ICGC validation set. (J) OS of GEO PDAC cohort. (K) Distribution of risk score and OS of GEO. (L) Survival-dependent ROC curves validation at 1, 2, and 3 years of prognostic value of the prognostic index in GEO.





Independent Prognostic Validation of Seven Signature Genes

To gain insight into the independent prognostic value of the seven signature genes in the risk model, we performed univariate Cox regression analysis and found that five of them were harmful to PDAC patients and two of them were beneficial to PDAC patients (Figure 4A). On the clustering heat map of the seven genes, we found that the risk model was consistent with the previously established hypoxia clustering, which somehow confirmed our conjecture that hypoxia and immunity may interact in influencing PDAC prognosis (Figure 4B). We went on to draw the Kaplan-Meier survival curves to assess the prognostic value of each signature gene, and the results were also consistent with univariate Cox regression analysis (Figures 4C–I).




Figure 4 | Independent prognostic validation of the seven signature genes. (A) Forest plot of univariate Cox regression analysis based on data from TCGA. (B) Heatmap of hypoxia- and immune-associated DEGs by unsupervised clustering. The hypoxia cluster, risk group, and risk score as gene annotations were correlated. (C–I) Kaplan–Meier survival of each hypoxia- and immune-associated DEGs expression based on data from TCGA.





Correlation of Risk Models With Clinical Characteristics

To investigate whether our risk model correlated with the clinical characteristics of PDAC, we performed the Wilcoxon rank sum test and found that the high-risk group had a more advanced TNM stage and higher tumor grade (Figures 5A–H). Considering that the prognostically relevant clinical characteristics differed between the two risk groups, we further investigated whether the risk model had similar or better predictive validity with other PDAC-independent prognostic factors (Figures 5I, J). We built a nomogram to predict patients’ OS with three independent prognostic factors including age, primary therapy, N, and the risk score (Figure 5K). Calibration plots presented that the nomogram might accurately estimate the mortality (Figures 5L–N). The AUCs of the nomogram were 0.76, 0.80, and 0.82 for 1-year, 2-year, and 3-year OS (Figures 5O–Q). The above results suggest that the risk model could either work as an independent prognostic factor or be integrated with existing clinical indicators.




Figure 5 | Correlation of risk models with clinical characteristics based on TCGA PDAC cohort. The risk score was significantly correlated with T category (A), stage (B), grade (C), and was not significantly correlated with primary therapy (D), tumor site (E), age (F), tumor size (G), and lymph node invasion (H). (I) Univariate survival analysis and (J) multivariate survival analysis of clinical characteristics. (K) Nomogram predicting OS for PDAC patients. For each patient, four lines are drawn upward to determine the points received from the four predictors. The sum of these points is located on the “Total Points” axis. Then, a line is drawn downward to determine the possibility of 1-, 2-, and 3-year OS of PDAC. (L–N) The calibration plot for internal validation of the nomogram. The y-axis represents actual survival, and the x-axis represents nomogram-predicted survival. (O–Q) The time-dependent ROC of the nomogram based on OS.





Enrichment Analysis of Hypoxia and Immune Gene Sets in Risk Score Model

To further validate the function of the risk model in hypoxia and immunity, we performed GSEA pathway enrichment analysis and found that three hypoxia-associated gene sets were enriched in the high-risk group including WINTER_hypoxia_up, HALLMARK_hypoxia, and HARRIS_hypoxia (Figures 6A–C). Of the six immune-associated gene sets, three were enriched in the high-risk group (Figures 6D–F) and the other three were enriched in the low-risk group (Figures 6G–I). Because the enrichment of the immune-associated gene set is more complex compared with hypoxia-associated gene set, we need further in-depth evaluation of this risk model regarding immune status.




Figure 6 | Enrichment plots of hypoxia- and immune-associated gene sets from gene set enrichment analysis (GSEA). GSEA results showing gene sets in (A) WINTER_hypoxia_up, (B) HALLMARK_hypoxia, and (C) HARRIS_hypoxia are differentially enriched in the high-risk group. Enrichment plots of immune-associated gene sets from gene set enrichment analysis (GSEA). GSEA results showing gene sets in (D–F) are differentially enriched in the high-risk group while gene sets in (G–I) are differentially enriched in the low-risk group.





Relationship Between Risk Score Model and Immune Infiltration

High-risk patients showed higher immunocyte infiltration degrees of naïve B cells, CD4 memory resting T cells, regulatory T cells (Tregs), resting NK cells, M0 macrophages, resting dendritic cells, and activated dendritic cells, while the low-risk group showed higher infiltration degrees of memory B cells, CD8 T cells, follicular helper T cells, monocytes, M1 macrophages, M2 macrophages, resting mast cells, and eosinophils (Figure 7A). The ESTIMATE score showed that the high-risk group had lower stromal and immune scores compared to the low-risk group (Figures 7C–H). In clinically subgroup analysis, immune scores and stromal scores were significantly lower in the high-risk group than in the low-risk group in T3T4, Stage2, N1, and Grade2 (Figures 7I–P). The immune checkpoint expression levels were also significantly lower in the high-risk group than in the low-risk group (Figure 7B). Combining these results, we found that different risk groups of pancreatic cancer can accurately suggest the level of immunity, and the overall level of immune response was lower in patients in the high-risk group than in the low-risk group.




Figure 7 | Relationship between risk model and immune status. (A) Analysis of the immunocyte infiltration degrees in both groups regarding 22 immunocyte subunits. (B) Boxplots visualizing different immune checkpoint expression between high-risk and low-risk patients. (C–E) Estimation of risk score based on TCGA. The relationship between the risk signature and Immune Score, ESTIMATE Score, and Stromal Score. (F–H) Scatter plot of Immune Score, ESTIMATE Score, and Stromal Score. Analysis of different immune status (I–L) and stromal status (M–P) in high- and low-risk groups of TCGA PDAC cohort and its correlation with clinical features. (*p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001; ns, p > 0.05).





Relationship Between Risk Score Models and PDAC Mutations

An oncoplot showed the most frequently mutated PDAC genes in the high-risk and low-risk groups (Figures 8A, B). The mutation burden (TMB) is significantly higher in the high-risk groups. What is more, four PDAC mutated genes (KRAS, TP53, SMAD4, and TTN) were more frequently mutated and had a richer mutation spectrum in the high-risk groups. The other six PDAC mutated genes (CDKN2A, RNF43, MUC16, ATM, GNAS, and HMCN1) were less frequently mutated in the high-risk group than in the low-risk group, and had a narrow mutation spectrum.




Figure 8 | The mutation frequency of genes in patients with PDAC from TCGA database. Correlation between the high-risk group (A) and the low-risk group (B) with mutations is presented. Each column represented individual patients. The upper barplot showed TMB. The number on the right indicated the mutation frequency in each regulator. The right barplot showed the proportion of each variant type.






Discussion

The PDAC microenvironment contains various factors including hypoxia, immune cell infiltration, and fibrosis (20). Hypoxia enhances PDAC proliferation, metastasis, and resistance to radiotherapy and chemotherapy (21). Meanwhile, the immune microenvironment of PDAC also affects tumor progression (22). Considering the development of a prognostic strategy, targeting a single factor may be insufficient to classify PDAC patients, and we discussed in this study the possibility that PDAC hypoxia and immune microenvironment together will elucidate prognosis of PDAC.

Prognosis was worse in our highly hypoxic cluster (Hypoxia Cluster 1), which is in line with a similar theory of Chiou et al, who claims BLMP1, induced by hypoxic microenvironment, can damage prognosis of PDAC by promoting metastasis through regulating hypoxia-associated gene expression (23). Liu et al. found that the anti-cancer factor CF129 is poorly expressed in the hypoxic microenvironment and thus fails to ubiquitinate p53 protein, which in turn leads to worse prognosis (24).

Due to the complexity of hypoxia and immune activity within the tumor microenvironment (TME) (25), we conducted GO and KEGG pathway analysis for hypoxia-associated DEGs and discovered that several immunoregulatory pathways were enriched. Among them, T-cell activation was hampered by hypoxia-induced myeloid-derived suppressor cells (MDSC) in colorectal cancer (26). Lymphocytes were affected by tumor-derived exosomes in the context of hypoxia, which subsequently regulates MDSC function in a miR-21/PTEN/PD-L1 axis in oral squamous cell carcinoma (27). Importantly, there are also hypoxia-associated pathways enriched in immune DEGs. ECM transcriptional program dysregulation is correlated with the activation of TGF-β signal in cancer-associated fibroblasts and is linked to immunosuppression in immunologically active tumors (28). Together with these researches, our result linked hypoxia with immunity.

With LASSO analysis, we identified seven signature genes (S100A16, PPP3CA, SEMA3C, PLAU, IL18, GDF11, and NR0B1). Fang et al. revealed that S100A16 promotes PDAC progression through FGF19-mediated AKT and ERK1/2 signaling (29). Li et al. demonstrated that S100A16 induces the EMT to promote the metastasis of PDAC, which is mediated by TWIST1 and STAT3 signal (30). Zhuang et al. found that overexpression of S100A16 was significantly associated with a higher T stage, advanced histologic grade, and worse prognosis, and may impair the infiltration and cytolytic activity of CD8+ T cells through focal adhesion-Ras-stimulating signal pathway (31). As for IL-18 being a double-edged sword, it alone promotes carcinogenesis, but when combined with NF-κb inhibitor, it exhibits an anti-tumor effect (32). Sun et al. believed that the feedback loop of NF-κb signal and its downstream IL-18 is the key to understanding PDAC metastasis (33). Xu et al. demonstrated that overexpression of SEMA3C is correlated with poor prognosis of PDAC patients by activating ERK1/2 signaling pathway (34). For PPP3CA, PLAU together with the other two “nice” genes identified by us, mechanistic studies of good quality are rare, which provide underlying targets for experimental design to uncover molecular mechanisms. Importantly, the risk score model is correlated with previously established hypoxia clusters, which strengthened the link between hypoxia and immunity. The nomogram incorporating the seven-gene signature and clinicopathological parameters showed great prognostic potency, which may enable clinicians to determine an individual patient’s prognosis. In other studies of this field, Yan et al. identified a four-gene signature (LYRM1, KNTC1, IGF2BP2, and CDC6) significantly associated with progression and prognosis of pancreatic cancer (35). More recently, Feng et al. also discovered a seven-gene signature (ASPH, DDX10, NR0B2, BLOC1S3, FAM83A, SLAMF6, and PPM1H) for prognosis prediction of PDAC patients (36). No overlap was identified between the seven-gene prognostic signature we developed and those previously defined. Besides, the methodology of signature construction we adopt is a more unsupervised and unbiased way. To our knowledge, this is the first prognosis signature risk score model ever built containing both key factors of PDAC microenvironment, hypoxia, and immunity. Taken together, our prognostic signature was identified to be superior or comparable to the previous defined signatures.

By GSEA, we discovered that all four hypoxic gene sets were enriched in the high-risk group, confirming that pancreatic cancer is a hypoxic tumor (37). Interestingly, half of immune genes were enriched in the high-risk group. To be specific, Cave et al. reported that inactivation of TGF-β1-Smad2/3 signaling in PSCs strongly reduced the aggressiveness of PDAC cells by rescuing L1 cell adhesion molecule (L1CAM) (38). Yamamoto et al. reported that in PDAC, major histocompatibility complex class I (MHC-I) molecules are selectively targeted for lysosomal degradation by an autophagy-dependent mechanism (39). The other half of immune gene sets were enriched in the low-risk group. Akce et al. summarized characteristics of chimeric antigen receptor (CAR) T-cell therapy, which utilizes genetically engineered T cells that are redirected to specific cancer-associated antigens to elicit potent cytotoxic activity (40). Burger et al. summarized that B cells and BCR-related kinases, such as BTK, play a role in the microenvironment of PDAC, which could be targeted to achieve great anticancer activity (41). All of the mentioned gene sets regardless of their enrichment status are contributing to our promising prognostic risk score model.

The different expression profile from CIBERTSORT in our risk score model is highly consistent with current studies on immune cell infiltration. Gunderson et al. discovered that in the mature tertiary lymphoid structure-positive group, a sign of misery prognosis, patients have higher expression of naïve B cell (42). Ma et al. demonstrated that the combination of anti-PD-1 inhibitory and anti-OX40 agonist antibodies reduces the proportion of regulatory T cell in PDAC (43). Induced pluripotent stem cell-based cancer vaccine could also reduce immunosuppressive CD4+ T regulatory cells (44). Notable is the extinct higher proportion of resting memory CD4+ T in our high-risk group, which is consistent with the finding of resting central memory CD4+ T cells that predicted a worse prognosis from Gu et al. (45). Spear et al. demonstrated in a murine study that B-cell memory infiltration is an immunostimulatory factor that might support the adaptive antitumor immune response (46), which is consistent with its high expression in our low-risk group. Taken together, our risk score was correlated with the immunosuppressive microenvironment of the tumor.

In the ESTIMATE analysis, we found that both the immune score and the stromal score were higher in the lower-risk group, which is easy to comprehend because of the consensus that PDAC is an immunosuppressive tumor with low immunogenicity while being extra malignant (47). To be specific, a tumor with lower immune score is correlated with higher risk score in T3, T4, and Stage II PDAC with regional lymph node metastasis, which is consistent with the finding of Yamasaki et al. that larger tumors are more likely to develop hypoxia and metastasis through hypoxia-related pathways (2). The stroma scores are high in both groups. According to Gorchs et al., carcinoma-associated pancreatic fibroblasts (CAFs) co-inhibit effector CD4+ and CD8+ T cells to damage immunity (48). Our risk score model is able to accurately stratify patients according to their immune microenvironment.

Immune checkpoint assays showed lower levels of immune checkpoint expression in the high-risk group (49). Considering that current immunotherapy against immune checkpoints in pancreatic cancer constantly fails to achieve satisfactory efficacy, we believe that this may be related to the low level of immune checkpoint expression in high-risk patients (47). Interestingly, though not significant, the stroma score in the low-risk group is higher, which, according to Gorchs et al., is because CAFs could induce the expression of immune checkpoints on CD4+ and CD8+ T cells (48). The silver lining is, for the low-risk score patients, who have high immune checkpoint expression, they could benefit from immunotherapy. What is more, there’s a synergistic effect when a combinatorial approach of immunotherapy in conjunction with other modalities is being exploited (50). In this case, we believe combining hypoxia and immunity not only serves as a prognostic classifier but could guide treatment.

The limitations of our work are as follows: Firstly, since all information and tissues were obtained retrospectively from public databases, the two independent external validations we performed cannot cover all variations of PDAC cases from all relevant regions. Secondly, since the number of TCGA pancreatic cancer cases is not large enough, some statistical differences were not ideally significant. Thirdly, since the external and internal part of a tumor differs in microenvironmental characteristics, taking the tumor as a whole may not be able to differentiate the hypoxic and immune status of different tumor sites. For possible differences within and outside the tumor, the use of single-cell RNA sequencing combined with spatial transcriptomic analysis can be considered to potentially address this issue. For the seriousness of scientific research and the novelty of risk score model, we would love to see our results going through more thorough validation in well-designed multicenter prospective studies.
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Gastric cancer (GC) development trends have identified multiple processes ranging from inflammation to carcinogenesis, however, key pathogenic mechanisms remain unclear. Tissue microenvironment (TME) cells are critical for the progression of malignant tumors. Here, we generated a dynamic transcriptome map of various TME cells during multi-disease stages using single-cell sequencing analysis. We observed a set of key transition markers related to TME cell carcinogenic evolution, and delineated landmark dynamic carcinogenic trajectories of these cells. Of these, macrophages, fibroblasts, and endothelial cells exerted considerable effects toward epithelial cells, suggesting these cells may be key TME factors promoting GC occurrence and development. Our results suggest a phenotypic convergence of different TME cell types toward tumor formation processes in GC. We believe our data would pave the way for early GC detection, diagnosis, and treatment therapies.
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Introduction

Globally, gastric cancer (GC) is the fifth most common cancer tumor (1). GC development undergoes a multi-stage process, from no-atrophic-gastritis (NAG) to chronic atrophic gastritis (CAG) to intestinal metaplasia (IM), and finally GC (2). During this process, gastric mucosa tissue and the tissue microenvironment (TME) undergo dynamic changes (3). The TME includes a variety of cell types (immune cells, fibroblasts, endothelial, etc.) and stromal components (chemokines, cytokines, growth factors, etc.) surrounding epithelial cells. Increasingly, it is recognized that the cellular features of the TME play an important role in enabling tumors to proliferate and metastasize. Studies have shown that TME cells are not randomly distributed, but are more or less densely organized into different areas among epithelial cells, forming a complex background promoting tumor generation (4, 5). It was showed that TME cells dynamics in cancer seriously affect disease biology and may affect response to systemic therapy (5). In addition the interaction between TME and cancer cells could promote phenotypic heterogeneity, cell plasticity, and cancer cell stemness, improving tumor invasion and metastasis (6). Therefore, elucidating dynamic transcriptome changes in TME cells is important to identify mechanisms implicated in GC etiology.

While current transcriptome studies have identified TME variations in GC by bulk RNA-sequencing. For example, some literature showed the complex TME has severely weakened the efficacy of anti-tumor immunity (7–9). The infiltrating immunoinflammatory cells in the lamina propria of gastric mucosa displayed dynamic change during GC development (10). However, the principle of these analysis is based on the according to the assumption that every gene is equally expressed in every individual cell. Therefore, carrying out traditional RNA-sequencing is impossible to study the heterogeneity of TME cells at the subsets level.

Single-cell RNA transcriptome sequencing (scRNA-seq) is used to investigate cell heterogeneity and predicts and analyzes mutual cellular influences (11). The technique demonstrates good practicability for analyzing complicated cell environments and deciphering changes in cell conditions between multiple disease stages (12). Up to now, there has been a dearth of publication on this topic. Zhang et al. studied the characteristics of epithelial cells across different gastric diseases (NAG-CAG-IM-GC) (13). Sathe et al. compared GC with normal mucosa to identify cell reprogramming mechanisms in gastric TME (14). Wang et al. analyzed intratumoral heterogeneity of metastatic gastric adenocarcinoma (15). However, changes in TME cells during GC progression have not yet been elucidated, therefore, scRNA-seq could help determine the specific cellular and transcriptional features to distinguish the TME cells among the development of gastric diseases.

In this study, we generated a dynamic transcriptome map of several TME cell types during multi-stage disease comprising NAG-CAG-IM-GC processes using single-cell sequencing data. This map identified the multidimensional features of different TME cells during different disease states, including subclusters, marker genes, functional pathways, differentiation trajectories, activated transcription factors (TFs), immune checkpoints, and cell-cell communication patterns, etc. Our analyses revealed significantly increased heterogeneity of TME cells of macrophages, T, B, mast cell and fibroblast, endothelial, and pericyte cell during GC tumor formation, and has the potential to establish strategies for the early detection, diagnosis, and treatment of GC.



Materials and Methods


Data Acquisition

In total, 15 samples from 11 patients were analyzed in this study; three NAG, three CAG, six IM, and three GC samples (Supplemental Table 1). Data were downloaded from two sets of raw scRNA-seq data. Data, with the gene expression omnibus (GEO) accession number, GSE134520, comprising three NAG, three CAG, six IM and, one GC, were included. Another dataset with the database of Genotypes and Phenotypes (dbGaP) accession number, phs001818.v2 comprising two GC cases was included. These samples spanned the disease spectrum from gastritis to GC.



Quality Control (QC) and scRNA-Seq Data Pre-Processing

The QC process was performed using Seurat (version 3.0.1) (16). A raw unique molecular identifier (UMI) count matrix was produced and converted into a Seurat object. The sequencing counts were negatively correlated with mitochondrial percentage levels and positively related to sequencing features (Supplemental Figure 1A). UMI counts from single cells whose UMI number was < 400, and the percentage of mitochondrial-derived UMI counts > 20 were deleted. To optimally eliminate potential doublets, single cells containing > 7000 genes were also filtered out. Then, using the “NormalizeData” function, single-cell gene expression data were normalized, and the normalization method was set to “LogNormalize”. Finally, we used the corrected expression matrix as an input for future studies.



Dimensionality Reduction and Batch Effect Removal

We calculated the total number of UMI coding sequences per cell and genes in the samples (Supplemental Figure 1B). The results were initially summarized using principal component analysis (PCA). The top 20 principal components (PCs) and a resolution of 0.8 were selected by default using RunTSNE to reduce dimensionally. The “FindVariableFeatures” option in Seurat was used to calculate highly variable genes (HVG) (Supplemental Figures 1C, D). We applied the Harmony R package to eliminate the utility of batch among patients. The Adjusted Rand Index (ARI) was used to evaluate batch calibration based on the purity of cell types and the blend of batch (17). Low ARI scores indicated adequate mixing effects.



Cell Type Recognition and t-Distributed Stochastic Neighbor Embedding (tSNE) Presentation

“FindAllMarkers” was used to identify differentially expressed genes (DEGs) in each cell type. We assigned cell types based on marker genes identified from previous studies (Supplemental Table 2). Single-cell clustering was visualized using tSNE analysis. The basic principle of this method was to re-calculate sample distances using the conditional probability of random neighbor fitting, which was based on Student t distributions in the high-dimensional space, so cells were in significantly separated clusters in the low-dimensional space.



DEGs and Functional Enrichment Analysis

DEGs from cell clusters were identified using the “FindMarkers” function of Seurat. The following cutoff threshold values were used: adjusted p value (adj. P val) < 0.05 and logarithmic value (logFC) > 0.25. We used “FindMarkers” to evaluate DEGs from somatic cell clusters and loaded this information into clusterProfiler to perform gene ontology (GO) aggregation and GO enrichment analysis. The pathways of adj. P val was < 0.05 and was considered significantly enriched. The Retrieval of Interacting Genes database search tool for the retrieval of interacting genes (STRING; string-db.org) was used to assess interactive DEGs relationships, visualized using Cytoscape (18). Gene expression profiling interactive analysis (GEPIA; http://gepia. Cancer - pku. cn) is a web-based tool and provided customizable functions such as gene expression correlation analysis based on The Cancer Genome Atlas (TCGA) data (19).

Gene set variation analysis (GSVA, version 1.30.0) was performed using 50 hallmark gene-sets from the molecular signature database (20). To assess differential pathways between sub-cluster of cells, we calculated the activity scores using Limma package (version 3.38.3) (21). And then visualize T value data of the first 10 significantly different pathways (P < 0.05) using a heatmap containing the mean pathway scores of each cluster.



Pseudotime Trajectory Analysis

Monocle 2 is a R package designed for single-cell trajectories (22) and was used to reveal changes in TME cells during multi-stage NAG-CAG-IM-GC processes. The following parameters were set: num_cells_expressed ≥ 10, mean expression ≥ 0.125, and q val < 0.01 (“differentialGeneTest” function). Trajectories were presented as tSNE plots, while dynamic expression heatmaps were built by the use of the “plot_pseudotime_heatmap” function.



TF Analysis

Transcriptional activity among different cell clusters was assessed by SCENIC (version 1.1.0) (23) with the motif database of RcisTarget and GRNboost (corresponding to GENIE3 1.4.3, AUCell 1.4.1 and RcisTarget 1.2.1; with hg19:refseq-r80:10kb_up_and_down_tss.mc9nr). The area under the curve (AUC) of each module (calculated using SCENIC) was identified with the limma package. Regulons with an adj. P val <0.01 were considered for further investigation. Results were converted to binary data and visualized using the pheatmap function of R.



Immune Checkpoint Analysis

We calculated the normalized expression levels of mean values of immune checkpoints of each cell cluster and normalized them into row Z scores to represent relative expression levels in different cell clusters.



Cell-Cell Communication Analysis

CellChat is an open source R package (https://github.com/sqjin/CellChat) which infers, visualizes, and analyses intercellular communication data from scRNA-seq data (24). CellChatDataBase (http://www.cellchat.org/cellchatdb) contains 2,021 certified molecular structure interactions, including 60% of paracrine/autocrine data signal interactions, 21% of extracellular matrix-receptor interactions, and 19% of cell-cell contact interactions. To better predict and analyze intercellular communications, CellChat was used to identify differentially over-expressed ligands and receptors (L-Rs) for each cell cluster. Network visualization was performed in R.



Immunofluorescence Staining

A total of 5 GC tissues and their corresponding adjacent IM and distal NAG tissue specimens were included, who were collected from the endoscopic submucosal dissection at Gastroenterology of China Medical University. The study was approved by the Ethics Committee of the First Affiliated Hospital of China Medical University. Formalin-fixed, paraffin-embedded Sections (4 mm) were deparaffinized in xylene and then hydrated in graded alcohol. EDTA (pH 8.0) was used for antigen retrieval in boiling water. The specimens were blocked by donkey serum (abs935, 1:20) for 30min. The following antibodies were used to detect specific fibroblast cell proteins: anti-RBP4 (abs136011, 1:100 dilution; Absin, China), anti-ABCA8 (NBP-91641,1:100 dilution; novus,US), anti-NPY (abs136011, 1:100 dilution; Absin, China), CST1 (abs136011, 1:100 dilution; Absin, China), and anti-ACTA2 (Kit-0006, MXB, China),was incubated for 1 hour at 37°C, rinsed in PBST, then detected by fluorescent secondary antibodies (Donkey anti-mouse IgG-AlexaFlour 594; 1:200; Absin, China) and Donkey anti-Rabbit IgG-AlexaFlour 488; 1:200; Absin, China) for 30 min at 37°C,rinsed in PBST, and finally stained with DAPI (abs42016321, 1:3000 dilution; Absin, China) for 10min and images captured on an Nikon ECLIPSE Ti2 inverted microscope.




Results


The Expression Profiling of TME Cells and Change Trends at Different Disease Stages

To feature the single-cell general of gastric microenvironment, 66,063 single cells were obtained from NAG, CAG, IM, and GC stages. After QC, 45,336 cells remained. To identify distinct cell populations, we used the “method completed” option in Seurat to perform dimensionality reduction, eliminate batch effects, and develop an unsupervised module clustering (Method Details). As shown (Supplemental Figure 1D), when HVG = 3000 and ARI = 0.03740547, the batch effects among different samples were the lowest. Finally, we identified 24 main cell clusters along the GC cascade (Supplemental Figures 1E, F). Based on the expression of canonical markers, we excluded 13 epithelial cell clusters, 11 TME cell clusters were identified, including T cells (CD2 and CD3D), B cells (CD79A), macrophages (CSF1R and CD68), mast cells (TPSAB1), fibroblasts (DCN and PDPN), endothelial cells (ECs, marked as VWF and ENG), and pericytes (RDGFRB and RGS5) (Figures 1A, B). During progression along the NAG-CAG-IM-GC cascade, T cell proportions increased significantly, especially at the GC stage, and B cells and ECs decreased significantly. Macrophages, pericytes, mast cell, and fibroblasts exhibited slight fluctuations throughout the cascade (Figures 1C, D).




Figure 1 | Distinct TME cell populations and expression signatures. (A) tSNE plot of TME cells based on their differential expression. (B) Heatmap plots showing the expression of the top five marker genes of seven major cell types identified in this profile. (C) Line chart showing the trend of the proportion of TME cells across the four pathological stages (NAG-CAG-IM-GC). (D) Stacked histogram showing TME cell composition across the four pathological stages.





The Dynamic Multidimensional Features of Macrophages in Different Disease States

We identified 1,162 macrophages in four subclusters (MacC1–MacC4) according to similar and differential gene expression (Figure 2A). From CAG to IM to GC, the proportion of MacC1 and MacC3 showed a downward trend, MacC2 was on the rise, whereas MacC4 was uniquely expressed at GC (Figures 2C, D). Marker genes and MacC1–C4 cluster functions were shown (Figures 2B, E). MacC1 comprised neutrophil activation and antigen presentation functions when compared with other cell clusters. MacC2 comprised granulocyte activation, leukocyte migration, and regulation of apoptotic signaling pathway functions. MacC3 cells were involved in protein localization at the membrane. MacC4 had a higher expression program for oxidative phosphorylation and ATP biosynthetic processes. We also identified new marker genes, PLAU, S100A8, CLEC10A, and TFDP2 from MacC1 to MacC4, respectively (Figure 2F). Of these, S100A8, CLEC10A, and TFDP2 exhibited significantly different expression profiles between cancer and precancerous stages (Supplemental Figure 2A). These results indicated that during NAG-CAG-IM-GC, macrophage clusters were involved in chemotaxis, antigen presentation, and apoptotic regulation. Similarly, macrophages were remodeled in the TME to participate in oxidative phosphorylation and ATP production to promote GC progression. This trajectory showed that MacC1 cells had the lowest pseudotime value (Figure 2G), of which MacC1 cells remained unchanged while some cells transformed to MacC2, processing through MacC3 to MacC4 cells. SCENIC analysis revealed that the TFs, MSC, MECP2, BCL11A, and ETS2 were up-regulated, whereas GTF2B, CREB5, MAF, NR1H3, and TCF4 were down-regulated during transformation (Figure 2H).




Figure 2 | Changes in the composition of macrophages, gene expression, and functions at different stages. (A) tSNE plot of the four macrophage subclusters. (B) A bubble plot of the top five markers of each cell cluster; dot size represents abundance while the color represents expression level. (C) Line chart showing the trend of the proportion of the four clusters across the four stages. (D) Stacked histogram showing macrophage composition across the four stages. (E) Bubble plot showing the biological function of different cell clusters using GO; dot sizes represent abundance while the color represents q values. (F) Violin plots of marker genes in the four subclusters. (G) The differentiation trajectory of macrophages. Sections are color coded for pseudotime (right) and clusters (left). (H) AUC scores of TF expression regulation using SCENIC. Results converted to binary data were visualized as heatmap plots constructed using the pheatmap function of R.



Furthermore, MacC2 cells showed elevated expression of chemokines (CXCL5, CXCL2, CCL5, CCL3, CCL20), interleukins (IL8, IL6, IL1RN, IL1A), and growth factors (VEGFA) when compared with other macrophage clusters, suggesting they interacted closely with other cells (Supplemental Figure 2C). Among them, for example, we found CXCL5 expression gradually increased with GC development (Supplemental Figure 2B). Also, inhibitory checkpoint analysis showed that the MacC2 cluster exhibited higher expression of the genes, ICOS, TNFRSF18, CD44, TNFSF14, TNFSF15, and CD48, whereas MacC4 had high expression levels of HAVCR2 (TIM3), LAIR1, VSIR, and NRP1 when compared with other clusters (Supplemental Figure 2D). These data indicated that MacC2 and MacC4 macrophages had enhanced immunosuppressive properties.

Generally, macrophage phenotypes are labeled M1 or M2, with anti-cancer and cancer-promoting effects, respectively (17). We examined the expression of marker genes for M1 (IL7R, IL2RA, BCL2A1, CXCL9, and CCL5) and M2 (CD163, CCL23, CCL13, CCL18, and MRC1) across our macrophage clusters. However, M1/M2 gene expression could not distinguish between clusters (Supplemental Figure 2E), and these genes were co-expressed in the same cluster. These observations suggested macrophage gene expression heterogeneity during GC was irrelevant to M1/M2 classification.



The Dynamic Multidimensional Features of T Cells at Different Stages

We identified four T cell clusters designated as CD8+T, CD4+T, Treg, and natural killer (NK) T cells according to known marker genes (Figures 3A, B). During the cascade from NAG to GC stages, CD8+T and CD4+T cells were gradually decreased and replaced by Treg and (NK)Tcells (Figure 3C). Approximately 1,213 CD4+T cells were represented by three subclasses (Supplemental Figures 3A–C). These classes did not significantly change during GC tumorigenesis (Supplemental Figures 3D, E), therefore, we conducted a subgroup analysis on CD8+T, Treg, and NKT cells.




Figure 3 | Characterization of multiple changes in T cell subtypes at different stages. (A) tSNE plots of 4,553 T cells, 2,410 CD8+T cells, 1,213 CD4+T cells, 478 Treg cells, and 452 NKT cells. Colors indicate cell type. (B) A bubble plot of markers of each cell type; dot sizes represent abundance while the color represents expression levels. (C) Line chart showing changing trend of the proportion of the four cell types across the four stages. (D) A tSNE plot of the five CD8+T cell subclusters. (E) Stacked histogram showing CD8+T composition across the four stages. (F) Line chart displaying changing trend of the proportion of the five clusters across the four stages. (G) Bubble plot of top five markers of CD8+ T cell clusters; dot sizes represent abundance while colors represent expression levels. (H) A bubble plot showing the biological functions of different cell clusters using GO. Dot sizes represent abundance while colors represent q values. (I) Heatmap of immune checkpoints altered during the differentiation process of CD8+T cells, which was clustered into five clusters. A row Z score was used to represent expression levels.



As shown (Figure 3D), CD8+T (n = 2,410) cells were divided into five clusters (CD8+C1- CD8+C5). The proportion of CD8+C1 and CD8+C3 clusters gradually decreased, but CD8+C2 and CD8+C4 clusters gradually increased, especially from IM to GC where they displayed a sharp upward trend (Figures 3E, F). CD8+C5 did not change significantly between the different stages. Marker genes and functions of CD8+C1–CD8+C4 clusters are shown (Figures 3G, H). CD8+C1 displayed functions in immune effector processes, leukocyte activation, and translational initiation when compared with other clusters. CD8+C3 featured defense responses, responses to biotic stimulus, and cytokine-mediated signaling pathways. CD8+C2 exhibited functions toward the positive regulation of leukocyte cell-cell adhesion, T cell receptor signaling pathways, and immune responses. CD8+C4 exhibited substantially higher expression of the genes, CXCL13, RBPJ, TRAC, LAYN, and IRS2 (Figure 3I), of which CXCL13 and LAYN indicate T cell exhaustion (25). Notably, the inhibitory checkpoints genes, TNFSF4, TNFRSF9, TMIGD2, CD200, TNFSF15, TNFRSF4, TNFRSF18, HAVCR2, VSIR, TIGIT, and CD70 were up-regulated in the CD8+C4 cluster (Figure 3I). These results indicated that between normal, precancerous, and cancer stages, a portion of CD8+T cells was exhausted and immunosuppressed, while another portion dominated the activation of immune responses to resist tumor cells.

As shown (Figure 4A), 478 Treg cells were classified into two clusters (TreC1 and TreC2); TreC1 (FOXP3-IL2RA+) and TreC2 (FOXP3+IL2RA+) (Figure 4B), with most derived from the GC stage (Figure 4C). When compared with the TreC1 cluster, DEGs in the TreC2 cluster were enriched for oxidative phosphorylation and Th17 cell differentiation processes (Figure 4D). In addition, these cells expressed several immune checkpoints (TIGIT, VSIR, HAVCR2, CD48, TMIGD2, CD80, and CD44) and co-stimulatory molecules (TNFRSF9, TNFRSF4, TNFRSF18, CD27, CD70, and ICOS) (Figure 4E), suggesting important roles in carcinogenesis. Further analyses revealed that SH2D1A was a representative gene of the TreC2 cluster (Figure 4B). FOXP3 and SH2D1A displayed a strong correlation (P < 0.001, R = 0.7, Figure 4F), however, no direct interactions were observed between them (Figure 4G).




Figure 4 | Treg and NKT cell clusters. (A) tSNE plot of two Treg cell subclusters. (B) Violin plots of marker genes for the C2 cluster. (C) A pie chart representing Treg cells from different pathological stages. (D) Circle diagram showing the functions of different cell clusters using GO, colors represent different functions, brighter colors indicate high expression. (E) Heatmap of immune checkpoints altered during the differentiation process of Treg cells. (F) GEPIA was used to assess the correlation of two genes based on the TCGA database. (G) STRING database was used to analyze protein interaction networks, while Cytoscape was used to visualize these networks. (H) tSNE plot of two NK cell subclusters. (I) Pie chart representing NK cells from different pathological stages. (J) Bubble plot of the top five markers in NK cell clusters; dot sizes represent abundance while colors represent expression levels. (K) Bubble plot showing the biological functions of different cell clusters using GO; dot sizes represent abundance while colors represent q values. (L) Heatmap of immune checkpoints altered during NK cell differentiation processes.



We divided 452 NKT cells into two subtypes (C1 and C2), most of which came from tumor tissues (Figures 4H, I). Marker genes and their functions are shown (Figures 4J, K). The main function of C1 was related to protein localization to the endoplasmic reticulum, RNA catabolic processes, and translational initiation (Figure 4K) suggesting NKT cell activation. C2 was related to immune and cellular defense responses, indicating the potential for anti-tumor responses (Figures 4K). Some inhibitory molecules (TIGIT, HAVCR2, TMIGD2, CD48, CD44) and co-stimulatory molecules (TNFRSF9, TNFRSF18, TNFSF14) were also expressed in these clusters (Figure 4L).



The Dynamic Multidimensional Features of B Cells at Different Stages

In total, 2,573 B cells were divided into four clusters (C1-C4), most of which were derived from the inflammation stage (Figures 5A, B). We showed that C1 and C3 clusters increased gradually in the CAG stage and then declined with disease progression (Figure 5C). The C2 cluster varied upwards and downwards. The C4 cluster only appeared in the GC stage. Marker genes and their functions are shown (Figures 5D, E). C1 was related to responses to bacteria and digestion functions. The C2 cluster comprised glycosphingolipid catabolic processes and processes involving the negative regulation of the endoplasmic reticulum-associated degradation (ERAD) pathway. C3 was related to cytokine-mediated signaling pathways and responses to cAMP and bacteria. The C4 cluster comprised functions related to the positive regulation of intrinsic apoptotic signaling pathways by p53 and the negative regulation of ubiquitin ligase activity. These results suggested that B cells actively participated in immune responses during inflammatory stages, but lost their functions at the cancer stage, with a tendency to induce apoptosis.




Figure 5 | Characterization of multiple changes in B cell subtypes at different stages (A) tSNE plot of four B cell subclusters. (B) Pie chart representing B cells from different pathological stages. (C) Line chart displaying changing trend of the proportion of the four cell types across the four stages. (D) Bubble plot of the top five markers of each cell cluster; dot sizes represent abundance while colors represent expression levels. (E) Bubble plot showing the biological functions of different cell clusters using GO; dot sizes represent abundance while colors represent q values. (F) B cell differentiation trajectory in the four stages, with each color coded for pseudotime (right) and clusters (left). (G) AUC scores of transcription factor expression regulation using SCENIC. Results converted to binary data were visualized as heatmap plots constructed using the pheatmap function of R.



The trajectory showed that the C2 cell was the starting point that had the lowest pseudotime value. C3 and C4 appeared at each end of the differentiation trajectory (Figure 5F). SCENIC analysis showed that the activity of many key motifs, including those in STAT3, FOXP1, TGIF1, YY1, and REL was activated, whereas those in FOS, EPAS1, EGR1, and JUN were suppressed, which led to C2–C4 processes (Figure 5G).



The Dynamic Multidimensional Features of Mast Cells at Different Stages

In total, 370 mast cells were divided into two clusters (C1 and C2). As shown (Supplemental Figures 4A–C), the MasC1 mast cell cluster was replaced by MasC2 in GC and was characterized by the high expression of SLC18A2 and HDC genes.



The Dynamic Multidimensional Features of Non-Immune Cells at Different Stages

Next, we assessed the transcriptome transition of non-immune cells in the TME, including fibroblast, endothelial, mast, and pericyte cells. As shown (Supplemental Figures 4A–C), the MasC1 mast cell cluster was replaced by MasC2 in GC and was characterized by the high expression of SLC18A2 and HDC genes. As shown (Supplemental Figures 4D–G) the C1 cluster of pericyte cells had the highest composition ratio at every disease stage, therefore, we conducted a subgroup analysis of fibroblast and endothelial cells.

In total, 1,730 fibroblasts cells were divided into five clusters (FibC1-C5) using different gene expression patterns (Figure 6A). FibC1 cluster cells dominated the CAG stage, whereas FibC2 and FibC4 clusters gradually increase towards the IM stage. The FibC3 cluster only appeared at the GC stage which may have been tumor-related, whereas FibC5 displayed a low composition ratio across all stages (Figures 6B, C). Marker genes and functions for all clusters are shown (Figure 6D). GO analyses indicated that responses to growth factors were highly enriched in FibC1 (Figure 6E), especially of BMP4 (Figure 6F). Inflammatory responses, complement activation, apoptosis, and proteolytic regulation processes were significantly higher in FibC2 and FibC4 (Figure 6E). Cardiovascular development, collagen fibril organization, and cell adhesion processes were highly enriched in FibC3 (Figure 6E). We also observed new marker genes (Figure 6G), of which RBP4, ABCA8, and GPM6B were primarily indented in the CAG stage; CST1 mainly appeared at the GC stage and NPY dominated the IM stage (Figure 6H). To confirm the expression, immunofluorescence assays were performed as shown in Figures 6K–N that RBP4, S100A8, NPY, and CST1 were co-expressed with a conventional marker of fibroblasts (ACTA2) in different stages of stomach disease. RBP4, S100A8, NPY mostly appeared in CAG and IM stages, while CST1+ fibroblasts almost only appeared in the GC stage, and they were almost absent in NAG tissues.




Figure 6 | Identification of fibroblast clusters and expression features at different stages. (A) tSNE plot of five fibroblast cell subclusters. (B) Line chart displaying changing trend of the proportion of the five cell types across the four stages. (C) Stacked histogram showing fibroblast composition across the four stages. (D) Bubble plot of the top five markers of each cell cluster; dot sizes represent abundance while colors represent expression levels. (E) Bubble plot showing the biological functions of different cell clusters using GO; dot sizes represent abundance while colors represent q values. (G) Violin plots of marker genes in the five subclusters. (F) Bubble plot showing scale normalized expression of representative genes involved in chemokine, cytokine, and growth factor processes. (H) Histograms of scale normalized expression levels of three marker genes at each stage. (I) Fibroblast cell differentiation trajectory with each color coded for pseudotime (right) and clusters (left). (J) AUC scores of transcription factor expression regulation using SCENIC. Results converted to binary data were visualized as heatmap plots constructed using the pheatmap function of R. (K) Immunofluorescence staining of RBP4 (green) and ACTA2 (red) in different stages of stomach disease. Scale bars, 50 μm. (L) Immunofluorescence staining of ABCA8 (green) and ACTA2 (red) in different stages of stomach disease. Scale bars, 50 μm. (M) Immunofluorescence staining of CST1 (green) and ACTA2 (red) in different stages of stomach disease. Scale bars, 50 μm. (N) Immunofluorescence staining of NPY (green) and ACTA2 (red) in different stages of stomach disease. Scale bars, 50 μm.



Trajectory analysis showed that FibC2 cells had the lowest pseudotime value and that FibC3 appeared at the end of the differentiation trajectory, with the highest pseudotime value (Figure 6I). SCENIC analysis showed trajectory trend may be regulated by NR2F1, TCF21, FOXF1, and SOX6 expression decreased, whereas STAT1, STAT2, FOXP1, FOXO1, and NR2F2 were up-regulated (Figure 6J). The changes in TFs may be key to cell development mechanisms.

Four endothelial cell clusters (EndC1-C4) were identified from 1,115 cells (Figure 7A). The EndC1 cluster gradually decreased during tumorigenesis. The EndC2 cluster was slightly increased in GC. EndC3 cluster cells were the majority cells at IM, whereas the EndC4 cluster only appeared at GC (Figures 7B, C). The EndC2 cluster had highly expressed mitochondrial genes and had no specific genes (Figure 7D). The EndC3 cluster exhibited negative correlations with TGF-β signaling, angiogenesis, and EMT (Epithelial-Mesenchymal Transition). The EndC4 cluster was mainly related to G2M checkpoint, MYC targets, and EMT processes (Figure 7E). Additionally, EndC4 displayed significantly increased chemokine expression (CCL18, CCL3, CCL8, CXCL1, CXCL10, CXCL11, CXCL12, CXCL2, CXCL5, CXCL9, and PPBP) (Figure 7F). The new marker gene, CA4 primarily appeared at the CAG stage, whereas DARC figured in IM, and IGFBP5 was mainly increased at the GC stage (Figures 7G, H).




Figure 7 | Identification of endothelial cell clusters and expression features at different stages. (A) tSNE plot of the four endothelial cell subclusters. (B) Line chart displaying changing trend of the proportion of the four cell types across the four stages. (C) Stacked histogram showing endothelium composition across the four stages. (D) Bubble plot of the top five markers of each cell cluster; dot sizes represent abundance while colors represent expression levels. (E) Heatmap showing activity differences in 50 hallmark pathways scored by GSVA. T values are calculated using a linear model. (F) Bubble plot showing scale normalized expression of representative genes involved in chemokine processes. (G) Violin plots of marker genes for the five subclusters. (H) Histograms of scale normalized expression levels of three marker genes at each stage. (I) Endothelial cell differentiation trajectory, with each color coded for pseudotime (right) and clusters (left). (J) AUC scores of TF expression regulation using SCENIC. Results converted to binary data were visualized as heatmap plots constructed using the pheatmap function of R.



Trajectory analysis showed that EndC1 cells had the lowest pseudotime value, whereas C3 and C4 clusters appeared at each end of the differentiation trajectory (Figure 7I). From EndC1–C3 processes, SCENIC analyses indicated the trajectory trend controlled by PRDM1, HES1 down-regulated expression, finally, FOXC1 and NR2F2 were up-regulated (Figure 7J). The C4 cluster did not activate the special motif modules.



Constructing a TME-Epithelial Regulatory Network for IM/GC

To further explore interactions between TME and epithelial cells, we used Cellchat to construct TME-epithelial networks at IM and GC stages. As shown (Figure 8A), macrophages, fibroblasts, and endothelial cells exerted the strongest effects on enterocyte epithelial cells at the IM stage. At GC, macrophages, fibroblasts, endothelial cells, and pericytes exerted the strongest effects (Figure 8B). In addition, we selected the 10 strongest L-R interactions in each cell cluster. At the IM stage (Figure 8C), the three TME cell groups all highly expressed B2M, which interacted with TFRC and HLA-F in enterocyte epithelial cells. However, at GC, the molecular interaction between TME and GC cells was altered, especially in fibroblasts. Highly-expressed COL1A1, COL1A2, and COL3A1 in fibroblasts mainly interacted with ITGA2, DDR1, ITGB1, and CD44 in GC cells (Figure 8D). Additionally, macrophages and endothelial cells secreted elevated cytokine levels at the GC stage, therefore, we analyzed interactions between these cytokines and GC cells. These data showed that cytokines primarily interacted with SDC1, SDC4, and ITGB1 on the surface of GC cells (Figure 8E).




Figure 8 | TME interacts with intestinal epithelial and cancer cells via L-R. (A) The TME interacts with intestinal epithelium cells via L-R interactions. Circle size represents cell counts, line and arrow size represents interaction counts; larger sizes reflect more counts and interactions with each other. (B) The TME interacts with cancer cells via L-Rs. Circle size represents cell counts and line size represents interaction counts. A larger size means more counts and interactions with each other. (C) The strongest 10 L-R pairs showing interactions between fibroblasts, macrophages, and endothelial cells with intestinal epithelial cells. Line and arrow size represents interaction counts. (D) The strongest 10 L-R pairs showing interactions between fibroblasts, macrophages, and endothelial cells with cancer cells. Line and arrow size represents interaction counts. (E) Macrophages and endothelial cells interact with cancer cells via cytokines. Line and arrow size represents interaction counts.






Discussions

In this study, we reanalyzed the scRNA-seq data to describe the characteristics of TME cell clusters and showed the possible evolutionary trajectories of TME cells during the multistage process of GC development. And also, we investigated interactions between TME and epithelial cells. Overall, we depicted a dynamic transcriptome map of different TME cells during GC development.

Macrophages are a heterogeneous cell group with distinctive phenotypes and functions in complex microenvironments (26). Traditionally, these cells are divided into M1 (classically activated macrophage) and M2 types (alternatively activated macrophages) (27). However, the expression of M1/M2 genes did not distinguish clusters in our study, and these genes were co-expressed in the same cluster. This suggested that macrophage transcriptional heterogeneity was independent of the M1/M2 classification during GC. Our results also revealed four different macrophage types in TME, with each cluster showing dynamic changes at different stages. The MacC2 cluster showed an increasing trend towards GC progression and mainly participated in apoptotic signaling pathways. In addition, CXCL5 expression in MacC2 also specifically increased with disease development. Roca et al. observed that CXCL5 was transcriptionally unregulated in macrophages interacting with apoptotic cancer cells in contrast with noncancer cells during macrophage-driven efferocytosis, which accelerates inflammation and growth of prostate tumor metastases in bone (28). Some literature showed CXCL5-CXCR2-dominated cross-talk between cancer cells and macrophages could promote tumor metastases in gastric, hepatocellular, and prostate cancers (29, 30). This implied a critical role of macrophage-derived CXCL5 as a novel mechanism underlying tumor development and may be a viable target for cancer therapeutics. The MacC4 cluster only appeared at the GC stage and featured with the high expression of CHI3L1 and PLA2G7. Chen et al. indicated that macrophage-secreted CHI3L1 promoted GC metastasis in vitro and in vivo (28). In addition, Heng et al. showed that macrophage-derived PLA2G7 was a novel tumor-promoting factor and was crucial in regulating tumor cell migration (31). The main function of the MacC4 cluster was related to oxidative phosphorylation and ATP biosynthetic processes. This character may fulfill the high energy and biosynthetic demands of tumor progression (32).

In addition, immune checkpoints like CD48, CD44, TNFSF14, and TNFRSF18 et al. were up-regulated in MacC2 clusters. Current studies have shown that CD44, TNFRSF18, and TNFSF14, which are highly expressed in macrophages, mainly promote the inflammatory response by activating the expression of the downstream pro-inflammatory cytokines (33–35). Meanwhile, VSIR LAIR1 and HAVCR2 were up-regulated in the MacC4 cluster. Some literature has indicated that the expression of the above immunosuppressive checkpoints in macrophages is mainly related to the induction of immune tolerance, promotion of macrophage polarization to furtherly improved tumor metastasis (36–38). Therefore, new therapies can be designed based on the above-mentioned immunosuppressive checkpoints targets to effectively prevent and inhibit tumor occurrence and metastasis.

S100A8 and TFDP2 were identified as new gene markers of macrophages and were significantly different between cancer and precancerous stages. Research has shown that S100A8 is produced by tumor-infiltrated inflammatory cells (39) that decorate the microenvironment and produce “pre-metastatic niches”, which benefit metastatic cell adhesion and growth (40). In addition, macrophages also secrete S100A8 to potentially promote tumor immune escape mechanisms (41). TFDP2 is a member of the dimerization partner (DP) family of TFs, which are primarily related to cell cycle regulation (42). Previous research showed that TFDP2 knock-down led to a significant reduction in the proliferation rate of erythropoiesis (43), but research into other cell processes is limited. Therefore, identifying specific macrophage subclusters using these marker genes may significantly benefit GC treatment strategies. However, the expression and functional roles of these genes in GC progression remain unknown and warrant further study. Trajectory analysis indicated that MacC2 cells had the highest pseudotime value with up-regulated TF of MECP2, BCL11A, and ETS2. Previous research showed that BCL11A regulates the development of lymphoid, erythroid, and dendritic cell lineages (44). ETS2 directly binds to regulatory sequences of CCL3, CXCL5, CXCL10, and immune cell recruitment mediators (45). How these TFs driving macrophage transformation and function require further study.

Four T cell subclusters were identified. CD8+C4 had a sharp upward trend from IM to GC. This cluster exhibited higher expression of CXCL13 and LAYN, the marker of T cell exhaustion, which indicated a state of T cell dysfunction. Research has indicated T cell exhaustion is characterized by poor effector function, sustained expression of inhibitory receptors, and a transcriptional state distinct from that of functional effector or memory T cells (46), which may provide insights for immune-based cancer interventions (47).

Most Treg cells were expressed in tumor patients, including TreC1 (FOXP3-IL2RA+) and TreC2 (FOXP3+IL2RA+). Compared with the TreC1 cluster, TreC2 was primarily related to oxidative phosphorylation. Angelin et al. showed that Foxp3+Treg reprogramed T cell metabolism by inhibiting glycolysis and myc expression and enhancing oxidative phosphorylation. These adaptations permitted a metabolic advantage for Tregs in low glucose and lactic acid environments, thus they could resist the lactate-mediated inhibition of T cell function and proliferation (48). Also, this metabolic phenotype could explain how cancer cells evade immune destruction in the TME. Interestingly, we observed that SH2D1A was highly elevated in the TreC2. SH2D1A is one kind of X-linked lymphoproliferative (XLP) disease gene, whose loss-of-function mutations correlated with XLP. SH2D1A encodes the intracellular adaptor molecule SAP and interacts with signaling lymphocytic activation molecule (SLAM) family receptors by phosphorylating tyrosine residues (47). The SH2D1A gene mutation affects the production or expression of SAP, so that SAP cannot normally mediate the interaction between T/B cells. Thus, understanding the effects of Foxp3 and Sh2D1A may shed light on the metabolism and immunity regulation of Treg cell, which in turn have the potential to the translated into novel treatments for GC patients.

Additionally, we found most immune checkpoints are co-expressed in Treg and NKT cells, such as TNFRSF9, TIGIT, TNFRSF18, TMIGD2, HAVCR2, and CD48. The co-expression of these immune checkpoints may affect the occurrence and development of tumors. For example, Fourcade et al. reported that TIGIT+ Tregs were highly suppressive, stable, and enriched in tumors, whereas blockaded TIGIT counteracted Treg suppression in patients with melanoma (49). In addition, blockaded TIGIT prevented NKT cell exhaustion, and promoted NKT cell-dependent tumor immunity in several tumors (50, 51). However, the co-expression of other immune checkpoints has not been reported. We proposed select immune checkpoint inhibitors with dual expression of Treg and NKT cells may provide a new strategy for cancer therapy.

Four B cell subclusters were identified in this study. The C2 cluster mainly appeared at the IM stage and was related to glycosphingolipid catabolic processes and negative regulation of the ERAD pathway. But the relationship between this function of B cells and IM has not yet been reported. The C4 cluster only appeared at the GC stage and tended to positively regulate the intrinsic apoptotic signaling pathway via p53 and the negative regulation of ubiquitin ligase activity. Therefore, this cluster of B cell may exert anti-cancer effects by apoptosis in cancer cells. Trajectory data showed that C2 cells were starting points as they had the lowest pseudotime value, whereas C3 and C4 appeared at each end of the differentiation trajectory. SCENIC analyses showed that up-regulated STAT3, FOXP1, RUNX3, and REL may be responsible for functional changes and the terminal differentiation of B clusters. A previous study showed that STAT3 expression promoted B cell proliferation and differentiation (52). FOXP1 and RUNX3 also control mature B cell survival and maturation (53, 54) and Rel is expressed in B cells and reticulocytes and is essential for proliferation, survival, and antibody production (55). Activation of these TFs suggested B cell differentiation and maturation, however, further exploration of these TF regulatory roles will help clarify C4 cluster mechanisms in GC.

Mast cells were divided into two clusters. During dynamic disease processes, MasC2 cells gradually increased in the function of production and release of histamine and other transmitters. The effect of histamine released by mast cells in promoting the conversion of malignant tumor capillaries was comprehensively analyzed (56). Therefore, this cluster of mast cells may be crucial for GC progression.

Similar to immune cells, non-immune-related TME cells also promoted GC progression. We examined transcriptomic alterations of fibroblast, endothelial, and pericyte cells. Fibroblasts were divided into five clusters. FibC4 mainly appeared at the IM stage, and its main functions were related to secretion, the regulation of apoptotic processes, and peptidase activity. FibC4 was characterized by the high expression of IGFBP3 which promoted both fibroblasts into myofibroblasts, and also matrix remodeling (57). Xu et al. showed that myofibroblasts metabolized proteoglycans containing laminin and induced hepatocyte-to-ductal metaplasia based on αvβ6 integrin-induced (58). Thus, we propose that inhibiting IGFBP3 expression and reducing myofibroblast transformation may be key to preventing IM. As tumor-related fibroblasts, FibC3 cells exhibited cell adhesion, vasculature development, and actin cytoskeleton organization functions, indicating a close relationship with tumor metastasis. These cells also displayed high CTHRC1 levels, which were shown to promote tumorigenesis, proliferation, invasion, and metastasis in several malignant tumors via different signaling pathways (59). We also found several new fibroblast marker genes and verify their expression in fibroblasts at different stages of gastric disease. CST1, as a cystatin superfamily that encompasses proteins that contain multiple cystatin-like sequences, may have correlations with fibroblasts cell activation (60). NPY encodes a neuropeptide, inhibiting its expression leads to increased cancer cell apoptosis, decreased exercise capacity, and changes in energy metabolism pathways (61). In addition, ABCA8 and RBP4 are mainly related to lipid metabolism and transportation (62, 63). However, the expression and function of these mark gene in fibroblasts during the multi-step development of GC has not been comprehensively reported. The dynamic changes in fibroblast clusters observed here suggested that at IM and GC stages, fibroblasts reshaped the immune microenvironment and promoted GC metaplasia and development.

Endothelial cells were divided into four clusters. The EndC3 cluster was the major component of IM and exhibited mainly negative correlations with TGF-β signaling, angiogenesis, and EMT. Previous studies suggested that decrease TGF-β signaling was related to atrophic gastritis (64, 65). In addition, EndC3 was characterized by the specific expression of DARC. DARC is a seven-transmembrane G protein-coupled reactive protein kinase found in blood cells and the surface layer of endothelial cells lining venules behind capillaries (66). It was recently confirmed as being expressed on lymph node fibroblasts (66). DARC functions as a decoy receptor for a variety of CXC and CC chemokines, including those with pro-malignant and pro-inflammatory roles (67). Therefore, EndC3 appears under inflammatory stimulation conditions, its main role may be to physically remove inflammatory factors in the extracellular environment to reduce the inflammatory response. However, its mechanistic role in IM requires further investigation. EndC4 is mainly expressed in the tumors stage the main function of MYC targeting and EMT protein secretion signatures, suggesting this cluster exhibited a high proliferation phenotype and was crucial to GC genesis and progression. IGFBP5 is a new marker gene identified in this cluster; it is a secreted protein related to cell adhesion, proliferation, migration, inflammatory mediators, and fibrosis (68). A recent study reported that IGFBP5 was highly expressed in a variety of cancers, promoted cancer occurrence and development, and was implicated in radiotherapy and chemotherapy resistance (69), but its significance in endothelial cells warrants further research. These data indicated that functional changes in endothelial cells were strongly correlated with GC progression.

Pericytes are parietal cells in blood capillaries and were recently identified as regulating the production and function of capillary shape during development (70). When compared with other TME cells, little is known about pericyte identification, recruitment, and interactions with tumor or other stromal cells. Thus, they may have the potential to be underlying stromal targets for cancer treatment. While we classified pericytes and analyzed their functions, their precise role in GC genesis and progression requires further investigation.

The CellChat analysis indicated that macrophages, fibroblasts, and endothelial cells were crucial for the genesis and progression of the IM and GC stages. At the IM stage, high B2M expression levels in TME cells interacted with intestinal epithelial cells via TFRC and HLA-F. Wang et al. reported that TFRC is a major inducer of ferroptosis, the expression of which indicates iron uptake and storage dysfunction (70). The ferroptosis process is iron-dependent and is characterized by increased lipid active oxygen (71). A recent study showed that a high-lard diet induced IM (72). Therefore, the accumulation of lipid active oxygen induced by ferroptosis may be an important IM mechanism at the gastric epithelium, hence, preventing ferroptosis in epithelial cells may be effective in preventing gastric epithelial IM. At the GC stage, interactions between the TME and epithelial cells changed significantly, especially for fibrocytes. COL1A1, COL1A2, and COL3A1 expressed by fibroblasts interacted with cancer cells by ITGA2, DDR1, and ITGB1. Studies have shown that ITGA2, DDR1, and ITGB1 were strongly correlated with GC genesis, development, and metastasis (73–76). Therefore, fibroblasts may be crucial for these processes. However, the molecular mechanisms underpinning their interactions require greater elucidation. In addition, macrophages and endothelial cells secreted large numbers of cytokines which interacted with SDC1, SDC4, and ITGB1 in cancer cells. Studies have shown that SDC1 and SDC4 led to EMT activation and further promoted GC metastasis (77, 78), therefore, preventing these interactions could inhibit GC metastasis.

Although several important findings were generated in this study, we acknowledge some limitations. Firstly, while we attempted to identify most TME cells, some cell types were not found, therefore, we must increase patient sample numbers to solve this issue. Secondly, although we identified the transformation of the TME as the key element in the development of gastric diseases, the underlying molecular mechanisms require further investigation.

In conclusion, our comprehensive characterization of the TME at different cellular stages revealed dynamic changes in TME cells, from inflammation to cancer. We observed a set of key transition markers which were related to the carcinogenic evolution of TME cells, and we delineated landmark dynamic carcinogenic trajectories of TME cells. We identified three TME cell groups which were strongly correlated with IM and GC occurrence via cell-cell interactions. Our results also indicated the phenotypic convergence of various TME cell types in whole tumor formation processes during GC. Equally, we have invaluable molecular evidence for GC early detection, diagnosis, and treatment strategies.
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Supplementary Figure 1 | Distribution of gene numbers and gene expression profiles of all single-cell sequencing data, dimensionality reduction, and elimination of batch effects. (A) The relationship between the percentage of mitochondrial genes and mRNA reads, and the relationship between mRNA levels. (B) Scatterplot illustrating UMI, number of genes, and the percentage of mitochondrial genes in each cell at the four stages. (C) Before removing batch effect between batches; 2000 variable features (left), 3000 variable features (middle), and 4000 variable features (right) were used, respectively. Batch effects were evaluated by calculating ARI. (D) After removing batch effects between batches; 2000 variable features (left), 3000 variable features (middle), and 4000 variable features (right) were used, respectively. Batch effects were evaluated by calculating ARI. (E) The t-SNE plot of 45,336 high-quality cells to 24 clusters. (F) tSNE plot of all the single cells, with each color coded for 15 major cell types. (G) tSNE plot of the source of the 24 subclusters of cells.

Supplementary Figure 2 | Macrophage changes in gene expression in different gastric diseases. (A) Histograms of scale normalized expression levels of four marker genes at each stage. (B) Differentiation trajectory analysis of CXCL5 expression. The abscissa represents pseudotime, the ordinate represents gene expression, and dots with different colors represent different macrophage clusters. (C) Bubble plot showing scale normalized expression of representative genes involved in chemokine, interleukin, and growth factor processes. (D) Heatmap of immune checkpoints altered in the differentiation process of macrophages, which was clustered into four clusters. A row Z score was used to represent expression levels. (E) Heatmap showing expression of M1/M2 genes from each macrophage cluster.

Supplementary Figure 3 | Clusters of CD4+T cells in different gastric diseases. (A) tSNE plot of three CD4+T cell subclusters. (B) Bubble plot of the top five markers of each cell cluster; dot sizes represent abundance while colors represent expression levels. (C) Bubble plot showing scale normalized expression of representative genes involved in cytokine and growth factor processes. Dot sizes represent a percentage of cells expressing corresponding genes, while colors represent gene expression levels in clusters. (D) Stacked histogram showing CD4+T composition across the four stages. (E) Line chart displaying changing trend of the proportion of the three cell clusters across the four stages.

Supplementary Figure 4 | Identification of mast and pericyte cell clusters and expression features. (A) tSNE plot of the two mast cell subclusters. (B) Line chart displaying changing trend of the proportion of the two cell clusters across the four stages. (C) Violin plots of genes featured in the C2 cluster. (D) tSNE plot of the two pericyte subclusters. (E) Line chart displaying changing trend of the proportion of the two cell clusters across the four stages. (F) Bubble plot of the top five markers of each cell cluster; dot sizes represent abundance while colors represent expression levels. (G) Bubble plot showing the biological functions of different cell clusters using GO, dot sizes represent abundance while colors represent q values.


Supplementary Table 1 | The clinical features of patient cohort used in the study.
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Objective

To investigate the characteristics of the tumor immune microenvironment in patients with gastrointestinal stromal tumor (GIST) and identify cancer stem-like properties of GIST to screen potential druggable molecular targets.



Methods

The gene expression data of 60 patients with GIST was retrieved from the Array Express database. CIBERSORT was applied to calculate the level of immune infiltration. ssGSEA and ESTIMATE were used to calculate the cancer stemness index and tissue purity. The Connectivity Map (CMAP) database was implemented to screen targeted drugs based on cancer stem-like properties of GIST.



Result

There was a difference in the level of immune infiltration between the metastasis and non-metastasis GIST groups. The low level of T-cell infiltration was correlated with high tumor purity and tumor stemness index, and the correlation coefficients were -0.87 and -0.61 (p < 0.001), respectively. Furthermore, there was a positive correlation between cancer stemness index and cell purity (p < 0.001). The cancer stemness index in the metastasis group was higher than that in the non-metastasis group (p = 0.0017). After adjusting for tumor purity, there was no significant correlation between T-cell infiltration and cancer stemness index (p = 0.086). Through the pharmacological mechanism of topoisomerase inhibitors, six molecular complexes may be the targets of GIST treatment.



Conclusion

Immune infiltration in GIST patients is related to cancer stem-like properties, and the correlation relies on tumor purity. Cancer stemness index can be used as a new predictive biomarker of tumor metastasis and targets of drug therapy for GIST patients.
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Introduction

Gastrointestinal stromal tumor (GIST) is the most common gastrointestinal mesenchymal tumor. The common sites of GIST are the stomach, intestine, colon, etc. It originates from interstitial cells of Cajal (ICC) or more primitive progenitor cells (1). There are functional mutations in GIST due to acquisition of c-kit gene (75%–80%) or PDGFRA gene (5%–10%) (2–6). These mutations can lead to the continuous activation of ligand-independent receptor proteins, and then downstream signal transduction pathways being activated, and afterward cell apoptosis being inhibited and cell proliferation being promoted, which is considered to be the classic pathogenesis of GIST. It was reported that all GIST patients represented malignant behavior, with features of invasion, and metastasis.

The relationship between cancer stem-like properties and immunity has become one of the hotpots recently, because of the development of immunotherapy. On the other hand, a series of studies has focused on the relationship between immune infiltration and prognosis of cancer patients (7, 8). Cancer cells with stem-like properties (9–11) are responsible for tumor recurrence, metastasis, drug resistance, and other prognostic effects (12–15). Emerging evidence suggests that metastasis and recurrence of GIST may be closely related to the cancer cells with stem-like properties (16). Thus, disclosure of the characteristics of the tumor immune microenvironment and cancer stem-like properties of GIST patients are important for improving tumor treatment; however, these are still unmet medical needs. To achieve such targets, the molecular mechanisms that determine how cancer cells with stem-like properties are involved in the pathogenesis of GIST need to be elucidated.

In this study, the CIBERSORT algorithm was applied to calculate the level and characteristics of immune infiltration in GIST patients. GO analysis and enrichment of KEGG pathway were conducted based on the differential genes identified by combining the gene expression profiles of stem-like cancer cells and cell purity. Then, PPI network analysis and characteristic module of the differential genes were carried out. Finally, specific novel molecules targeting the cancer stem-like properties of GIST were analyzed by the CMAP database to achieve the purpose of providing information for developing targeted drugs. Therefore, our research could provide not only a scientific basis for the pathogenesis of GIST but also scientific evidence for the development of targeted medicine.



Materials and Methods


Data Collection and Processing

Gastrointestinal stromal tumor (GIST) RNA-seq gene expression data and patient clinical data were downloaded from the Array Express database (https://www.ebi.ac.uk/arrayexpress/; chip number: E-MTAB-373; name: transcription profiling by array of human GIST to validate prognostic signature). Sixty GIST patients, including 15 metastatic cases and 45 non-metastatic cases, were enrolled. The chip type was the Agilent single channel. We downloaded the original data by using R package “ArrayExpress.” For gene expression array data, background correction was carried out using the “backgroundCorrect” function of the R package “limma” with default parameters.



Analyze Gene Expression Data

CIBERSORT algorithm: CIBERSORT is a tool used for deconvolution of the expression matrix of immune cell subtypes based on the principle of linear support vector regression. We could get the infiltrating information of 22 kinds of immune cells from GIST sequencing data calculated by the CIBERSORT algorithm, with the support of the web tool (https://cibersort.stanford.edu/).

The expression of EMT (epithelial–mesenchymal transition, EMT) related genes: the EMT-related gene expression signature was comprised of 200 genes obtained from gene set “hallmark epithelial mesenchymal transition” in The Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb). For each sample in the Array Express database, an EMT expression value was calculated by the arithmetic mean of these 200 EMT gene expression levels (in the log2 scale). Similarly, the expression value of characteristic genes of T cells was calculated by this method and the correlation between them was also analyzed.

T-cell infiltration fraction: to derive T-cell markers, we downloaded the gene expression profiles of 513 cell-type markers across 22 different types and states of immune cells used by CIBERSORT. Genes with standardized (Z-score) expression value ≥ 2 in at least one T-cell subtype/status were considered T-cell markers resulting in a set of 156 T-cell markers. After removing genes that did not exist in the expression data, a total of 143 T-cell markers were used for subsequent analysis. The level of T-cell infiltration was estimated by the arithmetic mean of the 143 T-cell marker expression levels (in the log2 scale). In order to compare and analyze the difference between T-cell infiltration and cancer stem-like properties, we used the ssGSEA algorithm to calculate the T-cell characteristic gene set fraction of each patient as T-cell infiltration fraction. The ssGSEA method was implemented using the ssGSEA function in the R package “GSVA.”

Cancer stemness index (mRNAsi): in this study, we evaluated the stemness index mRNAsi by using the GSVA package in R (17). The log2-transformed normalized values of gene expression data were used to generate the mRNAsi. We obtained 109 stem cell core genes from the literature (18) and used the ssGSEA algorithm to calculate the score of stem cell core gene set of each patient as the cancer stemness index.

ESTIMATE algorithm: an algorithm that uses the ssGSEA algorithm to calculate the proportion of immune cells and matrix components in tumor tissue and evaluates the purity of tumor according to the respective composition of immune cells and stromal cells. The calculation was performed using the R package ESTIMATE.

Pathway enrichment analyses: according to cancer stemness index and tumor purity, the enrolled 60 patients were divided into two groups: high stemness index group vs. low stemness index group, high purity group vs. low purity group. The expression data were analyzed by R package “limma.” The differentially expressed genes of two groups were screened according to the standard of | log2fc | ≥ 1, p < 0.05. After the combination of the differentially expressed genes, a total of 219 genes were taken as interesting genes; disease enrichment, GO analysis, and KEGG analysis were performed using R packet “clusterProfiler.”

PPI interaction network and characteristic molecular analysis: 219 differential genes were put into the string to get PPI network. The module analysis of the PPI interaction network was performed using the MCODE tool of Cytoscape software, and the characteristic molecules were selected by the cytoHubba tool.

CMAP analysis: we employed the CMAP, a data-driven, systematic approach for discovering correlations among genes, chemicals, and biological conditions, to search for candidate compounds that might target pathways correlated with GIST stemness. Using web tools (https://clue.io/), CMAP analysis and molecular pharmacological mechanism analysis of characteristic genes can be finished.



Statistical Analyses

R software version 3.6 (R Core Team, R Foundation for Statistical Computing, Vienna, Austria) was used for all statistical analyses. The correlation analysis was conducted by Person correlation analysis. T test or Wilcoxon test was used for continuous variables. The usage of R package was shown above. p < 0.05 was considered to be statistically significant.




Results


Characteristics of Immune Infiltration in GIST

We downloaded the gene expression chip data and clinical information of 60 GIST patients from the Array Express database, which consisted of 15 metastatic patients and 45 non-metastatic patients. In order to investigate the immune infiltration of GIST, the CIBERSORT algorithm was employed to calculate the expression profiles of 22 kinds of immune cells.

There was a significant difference in the level of immune infiltration between the metastasis group and the non-metastasis group (Figure 1A). For example, the M2 macrophages in the metastatic group were significantly lower than that in the non-metastatic group, indicating a higher inflammatory status in the primary site of the metastatic group. The histogram of tumor immune infiltration of the enrolled 60 patients is shown in Figure 1B. In order to further disclose the effect of immune infiltration, we performed gene enrichment analysis on the genes identified from the expression profile of 22 kinds of immune cells. A total of 143 marker genes related to T cells was verified (Figure 1D). Based on the expression level of 143 T-cell marker genes, the enrolled 60 patients were divided into high T-cell infiltration group and low T-cell infiltration group (Figure 1C). Afterward, pathway enrichment analysis of the genes differentially expressed in the two different T-cell infiltration groups were performed, which found that immune signaling pathways such as TNF-α/NF-kB pathway and IL2 pathway (Figure 2A), especially the epithelial-to-mesenchymal transition (EMT) pathway, were closely related to tumor-infiltrating T-cell abundance (ITA). Besides, we found that the level of EMT was positively correlated with the level of ITA (p < 0.001) (Figure 2B).




Figure 1 | Characteristics of immune infiltration in metastatic and non-metastatic GIST. (A) CIBERSORT algorithm was used to calculate the difference of the infiltration ratio of 22 immune cells between the metastasis group and non-metastasis group. (B) The characteristics of immunocyte infiltration in 60 patients were analyzed. (C) Thermogram of characteristic gene expression in T cells. (D) Thermogram of 22 characteristic genes of immune cells. The T cell-related characteristic gene set was selected.






Figure 2 | Enrichment of T-cell infiltration-related pathways. (A) According to the enrichment of characteristic molecules, the pathways closely related to T-cell infiltration were obtained. (B) The expression level of EMT characteristic molecules was positively correlated with that of T cells.





ITA in GIST Was Negatively Correlated With the Stemness Index, and the Correlation Depended on Tumor Purity

We explored the relationship between ITA and cancer stem-like properties. One hundred nine core genes related to cancer stem-like properties were selected. Single-sample gene enrichment analysis (ssGSEA) was used to calculate the cancer stemness index, and the ssGSEA value of core genes of T cells was calculated as the index of ITA. The tumor purity was calculated using the ESTIMATER package by calculating and analyzing the microarray expression data. ESTIMATER could distinguish the two gene expression profiles to identify immune cells and stromal cells (immune-ESTIMATE and stromal-ESTIMATE). The purity of tumor could be evaluated based on the composition of immune cells and stromal cells. The results showed that a low level of ITA was associated with higher tumor purity and cancer stemness index, with correlation coefficients of -0.87 and - 0.61, respectively (p < 0.001) (Figures 3A, B). Besides, there was a positive correlation between cancer stemness index and tumor purity, and the correlation coefficient was 0.57 (p < 0.001) (Figure 3C). The cancer stemness index in the metastasis group was higher than that in the non-metastasis group (p = 0.0017) (Figure 3D). After adjusting for tumor purity, there was no significant correlation between ITA and cancer stemness index (p = 0.086) (Figure 3E). These results indicated that the correlation between ITA and the cancer stemness index depended on tumor purity, and the cancer stemness index in the GIST metastasis group was higher than that in the non-metastasis group. It also suggested that GIST patients with metastasis have more abundant cancer stem-like properties and more serious tumor resistance.




Figure 3 | There was a negative correlation between T-cell infiltration and stemness index in GIST, and the relationship depends on tumor purity. (A) There was a negative correlation between tumor purity and T-cell infiltration, the correlation coefficient was -0.87, p < 0.001. (B) T-cell infiltration was negatively correlated with cancer stemness index. The correlation coefficient was -0.61, p < 0.00. (C) There was a positive correlation between tumor purity and cancer stemness index. The correlation coefficient was 0.57, p < 0.001. (D) The cancer stemness index of tumor metastasis group was significantly higher than that of non-metastasis group (p = 0.0017). (E) After adjusting for tumor purity, there was no significant correlation between T-cell infiltration and cancer stemness index.





Differential Gene Analysis Based on Cancer Stem-Like Properties and Tumor Purity

In order to explore the difference of gene expression between cancer stem-like properties and tumor purity, we analyzed the gene expression data of the enrolled 60 patients derived from E-MTAB-373 (Figures 4A, B). Two hundred nineteen differential genes were obtained based on the filter criteria of p < 0.05 and | log2fc | > 1. According to the level of the cancer stemness index, the patients were divided into high and low index groups, and 426 differential genes were recognized (Figure 4A). According to the level of tumor purity, the patients were divided into high-purity and low-purity groups, and 719 differential genes were obtained (Figure 4B). Two hundred nineteen differentially expressed genes were obtained by combining two sets of differentially expressed genes (Figure 4C). Then, we used pathway enrichment analysis to analyze 219 differentially expressed genes. The results indicated that endocrine autoimmune system diseases such as Graves’ disease and immune system diseases were enriched, which proved that cancer stem-like properties were closely related to autoimmune system diseases (Figure 4D). The results of GO analysis showed that T cells were activated and differentiated, and the autoimmune-specific antigen receptors were enriched (Figure 4E). In addition, Th1, Th2, and Th7 cell differentiation pathways and cell adhesion pathways were enriched (Figure 4F), which further indicated that cancer stem-like properties were closely related to immune infiltration.




Figure 4 | Analysis of gene differences by combining cancer stemness index with tumor purity. (A) Gene volcano map of cancer stemness index difference. (B) Gene volcano map of tumor purity difference. (C) Two hundred nineteen differentially expressed genes were identified by the analysis of cancer stem-like properties and purity. (D) According to GO analysis, 219 gene diseases were enriched to obtain diseases significantly related to different genes. (E, F) GO analysis and KEGG analysis, respectively.





PPI Network and Module Analysis

In order to understand the relationship and function of the 219 differential genes we screened, the String website was applied to predict the interaction of the 219 genes. The results are shown in Figure 5A. Then, the key gene (hub gene) screening and functional module analysis were carried out by using the software of Cytoscape. Eleven functional modules were obtained, and the two modules with the highest scores are shown in Figures 5B, C. According to the type of molecules in the module, it could be found that the module was closely related to the immune system. To further identify the characteristic molecules, we analyzed the 219 genes using the cytoHubba and selected the top 10 genes (PTPRC, CD2, CD69, IRF8, CCR7, CCL5, il2rb, CXCL10, CCR5, TBX21) as new molecular markers of cancer stem-like cells for GIST patients (Figure 5D). According to PPI network and module analysis, the cancer stem-like properties were closely related to the immune system.




Figure 5 | Gene module analysis and characteristic molecular screening. (A) PPI network diagram, 219 difference interaction diagrams were obtained by using the String website. (B, C) Characteristic module analysis. (D) The top 10 characteristic molecules were obtained by the screening of characteristic molecules. (E) CMAP mode of action analysis (MoA) was used analyze the molecular pharmacological mechanism enrichment of related inhibitors.





CMAP Analyses Identified Novel Candidate Compounds Targeting Cancer Stem-Like Properties

In order to identify novel compounds with cancer stem-like properties, 219 differentially expressed genes were divided into high and low stemness index groups according to the value of log2FC from CMAP analysis. Thirty-four molecular pharmacological mechanisms were obtained by CMAP mode of action analysis (MoA) of 23 complexes with correlation fraction ≤-90 (Figure 5E). Among them, the pharmacological mechanism of topoisomerase inhibitors was enriched in six compounds: amonafide, irinotecan, SN-38, etoposide, amsacrine, and teniposide. Four compounds (apicidin, HC toxin, scriptaid, and thm-i-94) were HDAC inhibitors and three compounds (purvalanol-a, aminopurvalanol-a, and roscovitine) were CDK inhibitors. New drug molecular complexes might specifically inhibit the proliferation and division of cancer cells.




Discussion

GIST is the most common gastrointestinal tumor derived from mesenchymal tissue. In recent years, 80% of GIST patients can be clinically cured by radical resection combined with imatinib adjuvant therapy. However, the prognosis of some GIST patients remains unfavorable due to cancer metastasis, recurrence, and drug resistance. Previous studies had demonstrated that immunotherapy had a positive effect on GIST, but there were few studies that focused on tumor microenvironment and immunotherapy of GIST. In this study, the CIBERSORT algorithm was used to calculate the proportion of infiltrated immune cells in GIST tissues to determine the pattern of immune infiltration in metastatic and non-metastatic tumor tissues (19, 20). We found that there were many differences in the composition of immune cells in the metastatic group compared with the non-metastatic group. Studies had shown that there were a large number of tumor-infiltrating T-cells in GIST. According to this idea, GIST patients were divided into high ITA group and low ITA group. The results showed that the EMT signaling pathway was significantly positively correlated with lymph node invasion, suggesting that the local immune microenvironment may be related to tumor metastasis.

Recent studies had found that cancer stem-like properties played a very important role in the metastasis, recurrence, and drug resistance of solid tumors. Studies in GIST had also confirmed that cancer stem-like properties were closely related to drug resistance (16). We used the ssGSEA algorithm to calculate the enrichment fraction of the core gene set of cancer stem-like properties as the cancer stemness index (18, 21, 22) and compared the difference of the cancer stemness index between the metastasis group and non-metastasis group. The result showed that the cancer stemness index in the metastasis group was significantly higher than that in the non-metastasis group, indicating that the poor treatment effect in the metastasis group may be related to the high cancer stemness index. It was also suggested that different clinical treatments should be explored for GIST patients with or without metastasis.

A unified algorithm was used to calculate the relationship between cancer stemness index and tumor immune infiltration (23). We found that there was a negative correlation between tumor immune infiltration and cancer stemness index. Moreover, the relationship depended on tumor purity. The higher the purity, the higher the cancer stemness index. This trend was consistent with the characteristics of tumor derived from mesenchymal tissue (24). We also found a weak correlation between cancer stemness index and tumor EMT level, indicating that there was a certain difference between mesenchymal and epithelial tumors.

Finally, we identified the interesting genes according to the differential genes based on the two groups of different cancer stemness index and two groups of different tumor purity. Then, pathway analysis was conducted, which found that the pathways related closely to the tumor immune system, proving the close relationship between tumor immune microenvironment and cancer stem-like properties. In the process of module analysis and characteristic molecular screening, we selected two characteristic modules and 10 characteristic molecules (PTPRC, CD2, CD69, IRF8, CCR7, CCL5, il2rb, CXCL10, CCR5, TBX21), which could be used as biomarkers of cancer stem-like cells for GIST patients. Finally, we screened these characteristic molecules and identified some novel candidate compounds that targeted the stem-like properties of GIST patients.



Conclusions

In conclusion, the immune microenvironment in metastatic and non-metastatic GIST tissues was quite different. The level of tumor immune infiltration was closely related to cancer stem-like properties. The level of cancer stemness index in the metastasis tumor was significantly higher than that of non-metastasis. Through a series of characteristic molecular screening, we had identified the characteristic molecules closely related to cancer stem-like properties and further identified novel candidate compounds targeting the GIST stem-like properties. In the future, we will verify the molecular pathways in vivo and in vitro, in order to provide scientific basis for the pathogenesis of GIST and the development of targeted drugs.
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Many epidemiological reports have indicated an increase in the incidence of breast cancer among psychotic patients, suggesting that the targets of antipsychotics, neurotransmitter receptors, may have a role in tumorigenesis. However, the functions of neurotransmitter receptors in cancer are barely known. Here, we analyzed 44 neurotransmitter receptors in breast cancer and revealed that the expression of 34 receptors was positively correlated with relapse-free survival rates (RFS) of patients using the public database (n = 3951). Among all these receptors, we revealed decreased expression of HTR6 in human advanced breast cancer versus tumors in situ using our original data (n = 44). After a pan-cancer analysis including 22 cancers (n = 11262), we disclosed that HTR6 was expressed in 12 tumors and uncovered its influence on survival in seven tumors. Using multi-omics datasets from Linkedomics, we revealed a potential regulatory role of HTR6 in MAPK, JUN, and leukocyte-differentiation pathways through enriching 294 co-expressed phosphorylated proteins of HTR6. Furthermore, we proclaimed a close association of HTR6 expression with the immune microenvironment. Finally, we uncovered two possible reasons for HTR6 down-regulation in breast cancer, including deep deletion in the genome and the up-regulation of FOXA1 in breast cancer, which was a potential negatively regulatory transcription factor of HTR6. Taken together, we revealed a new function of neurotransmitter receptors in breast cancer and identified HTR6 as a survival-related gene potentially regulating the immune microenvironment. The findings in our study would improve our understanding of the pathogenesis of breast cancer and provided a theoretical basis for personalized medication in psychotic patients.
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Introduction

Lately, The World Health Organization’s International Agency for Research on Cancer (IARC) released the data on the global cancer burden in 2020 that breast cancer becomes the world’s most common cancer, surpassing lung cancer for the first time (1). Although the overall survival rate (OS) of breast cancer has been significantly improved in recent years, breast cancer still brings great harm to patients, including physical burdens and side effects after drug treatment. At the same time, the experience of breast cancer takes a great toll on a woman physically (image damage caused by surgery and treatment) and psychologically (2, 3).

Many studies have shown that the incidence of breast cancer in psychiatric patients is significantly higher than the normal population (4–7). Food and Drug Administration (FDA) has proclaimed that antipsychotics are potentially tumorigenic (8). Besides, many pieces of research have demonstrated that the use of antipsychotics is associated with an increased risk of breast cancer (9). Until 2019, the number of people with mental illness has reached 1.55 billion, or 22.1% of the global population (10, 11). Many patients with mental illness need to take medicine “for a long time” or even “for the whole life”; thus, the potential tumorigenicity of antipsychotics puts numerous psychotic patients at potential cancer risk.

Some studies have shown that the increase of prolactin may be associated with antipsychotics-related breast cancer (9). However, the mechanism underlying the potential tumorigenicity of antipsychotics is still unclear. Psychiatric medications usually block the dopamine system or simultaneously block the dopamine and the serotonin systems (12). Other common targets of psychiatric drugs include cholinergic receptors and adrenergic receptors, etc. (12). Recent research has provided clues that genes commonly targeted by psychiatric drugs (neurotransmitter receptors) may play a role in the development of cancer (13–19), implying the potential oncogenic properties of antipsychotics may be related to the activity changes of these neurotransmitter receptors after drug administration. However, there are still very few studies disclosing the functions of neurotransmitter receptors in tumorigenesis.

In this study, we investigated four families of neurotransmitter receptors commonly targeted by antipsychotics, including dopamine receptors, serotonin receptors, cholinergic receptors, and adrenergic receptors (44 receptors in total). As a result, the expression of 34 genes showed a positive correlation with relapse-free survival rates (RFS) of breast cancer patients, suggesting that neurotransmitter receptors were likely to be suppressors involved in the development of tumors. After a filter screening, we selected HTR6 for a further in-depth study. Firstly, we validated HTR6 expression in breast tumors using our original data (n = 44). Next, we explored the function of HTR6 in different subtypes of breast cancer by analyzing its influence on patient survival. Furthermore, we uncovered the correlation between HTR6 expression and the immune microenvironment. Finally, we depicted the pathways that HTR6 participated in and revealed the reasons for the altered expression of HTR6 in breast cancer using multi-omics analyses.



Material and Methods


Patients

The paraffin blocks of breast cancer tissue were provided by the National Human Genetic Resources Sharing Service Platform. Patients who had breast tissue surgically harvested ranged in age from 30 to 89, with an average age of 58. Patients with breast carcinoma in situ, breast invasive ductal carcinoma, and metastatic breast cancer were included in this study. All patients were informed and signed the informed consent. The work was carried out under the supervision of the Ethics Committee of Taizhou Hospital, in line with the requirements of the World Medical Association for the execution of human experiments.



Immunohistochemical Assay

The tissue chips were left at room temperature for 60 minutes and then soaked in xylene for 10 minutes. The soaking step was repeated once more. Next, the chips were dewaxed in 100%, 95%, and 75% ethanol, respectively, and heated at 95°C in sodium Lycium buffer (pH = 6.0, 0.01 M) for 15 min. This heating step was repeated 1-2 times. The chips were then cleaned with PBS solution three times and 5 minutes for each time. Subsequently, the chips were dropped onto 3% H2O2, standing at room temperature for 10 minutes, and cleaned with PBS solution three times and 5 minutes each time. Subsequently, the chips were incubated with blocking solution at room temperature for 20 minutes. And then, the primary antibody of HTR6 was added onto the chip (Creative Diagnostic, DCABH-15695; 1:200), and the chips were incubated at 4°C for 12 h. The chips were cleaned with PBS solution three times and 5 minutes for each time. Then the incubation solution with secondary antibody was added onto the chip, and the chips were incubated at 37°C for 1 h. Next, the chips were cleaned with PBS solution three times and 5 minutes for each time. DAB was used to color the chips, and the staining was observed under a microscope. Subsequently, the chips were rinsed with running water for 10 minutes, incubated with hematoxylin for 2 min, and differentiated with hydrochloric acid alcohol. After being washed with tap water for 10 minutes, the chips were dehydrated, transparent, and sealed. Next, the cell staining was photographed by Aperio scanner (LEICA, Aperio XT). The staining intensity and proportion were assessed by two pathologists. Staining score was calculated by multiplying staining intensity by staining proportion.



Kaplan-Meier Plotter

Kaplan-meier Plotter (20) is a comprehensive database that summarizes RNA-sequencing and gene-array data sets from The Cancer Genome Atlas (TCGA), Gene Expression Omnibus (GEO) and other databases. All subtypes of breast cancer were included in the analysis. The effects of HTR6 expression on the RFS of breast cancer patients were analyzed through the “Breast cancer” module in the “Gene Chip” column. The influence of HTR6 expression on the overall survival rates (OS) of patients with various tumors were analyzed through the “Pan-cancer” module in the “RNA-Seq” column.



Linkedomics

Linkedomics (21) collects together a variety of omics data sets from TCGA, Clinical Proteomic Tumor Analysis Consortium (CPTAC) and multiple other databases, enabling online multi-omics joint analysis and visualization. The exploration of HTR6 co-expressed phosphorylation was performed using the data sets from Linkedomics.



The Human Protein Atlas

The Human Protein Atlas provides data on the protein expression of different tissues and tumors. The expression of the FOXA1 protein in breast cancer and normal tissue was analyzed using The Human Protein Atlas.



cBioPortal

The database included over 28,000 samples from various genomic studies. All independent studies on breast cancer were included in our analysis. The frequencies and types of HTR6 mutations were analyzed using the modules “Oncoprint” and “Cancer Types Summary”.



Human Transcription Factor Targets (hTFtarget)

The hTFtarget database has collected over 7,000 ChIP-Seq samples and included over 600 experimentally-confirmed transcription factors. This study focused on the HTR6 upstream transcription factors (TFs) in breast tissues.



CIBERSORT and XCELL

CIBERSORT (22) and XCELL (23) are algorithms determining the probable proportions of immune cells in samples based on gene expression profiles. In this study, the algorithms CIBERSORT and XCELL were used to characterize the composition of the immune cells.



Statistical Analyses

The log-rank method was utilized to analyze the significance of the expression of a gene on patient survival. Fisher’s exact test was used to analyze the significance of enrichment. A p-value of less than 0.05 was regarded as significant. ***p < 0.001, **p < 0.01, and *p < 0.05.




Results


The Expression of Most Neurotransmitter Receptors Was Positively Associated With the RFS of Breast Cancer and HTR6 Was One Potential Functional Gene in Tumorigenesis

Common targets of psychiatric drugs include neurotransmitter receptors of dopamine receptors, serotonin receptors, cholinergic receptors, adrenergic receptors, and glutamate receptors. In this study, we performed RFS analyses on dopamine receptors, serotonin receptors, adrenergic receptors, and cholinergic receptors (44 neurotransmitter receptors) in breast cancer patients (n = 3951) using the Kaplan-Meier Plotter database. Surprisingly, the expression of 34 genes was positively correlated with RFS (the remaining ten receptors were not significantly correlated with RFS), suggesting that these genes might be tumor suppressors in breast cancer (Supplementary Figures 1–4, Table 1). Subsequently, we performed further screening in these 34 genes to identify the functional genes. Because epidemiological reports have indicated that the incidence of lung cancer among patients with mental illness has decreased (24, 25), we speculated that the expression of functional genes may be negatively correlated with the RFS of patients with lung cancer. Therefore, we investigated the association between the expression of these 44 receptors and the RFS of lung cancer patients (n = 1925). As a result, 21 receptor expression was negatively correlated with the survival of patients with lung cancer, five receptors were positively correlated, and 18 receptor expression was not significantly correlated with the survival of patients with lung cancer (Supplementary Figures 5–8). This result further confirmed that neurotransmitters might be related to the development of tumors.


Table 1 | The analysis of the expression of 44 neurotransmitter receptors on RFS of breast cancer (n = 3951).



Next, we overlapped the receptors screened out by survival analyses in breast cancer and lung cancer and obtained 20 genes that have an influence on patient survival in both breast cancer and lung cancer for further study (Table 2). Based on the fact that genes that had been proven to be related to the progression of breast cancer including DRD1 and HTR7 were both Gsα protein-coupled receptors (GsαPCRs) (26, 27), and several studies had shown that Gsα protein was associated with malignant transformation of a variety of tumors (28–30), we further filtered the 20 candidate receptors and obtained three GsαPCRs, including DRD1, DRD5, and HTR6. DRD1 is a frequently activated target of psychiatric drugs, but we discovered that the low expression of DRD1 was correlated with poor RFS of breast cancer in the above study, so DRD1 might be not involved in the potential tumorigenicity of psychiatric drugs. Therefore, we selected DRD5 and HTR6 for the following analysis. We summarized 21 common antipsychotic drugs and found that HTR6 was highly compatible with 85.7% of drugs (18 drugs) (Table 3), suggesting it was a high-frequency target of antipsychotic drugs. Therefore, we selected HTR6 for further study.


Table 2 | The 20 candidate receptors associating with survival of both breast cancer and lung cancer.




Table 3 | The antipsychotic drugs targeting DRD5 or HTR6.





The Expression of HTR6 Was Down-Regulated in Advanced Breast Cancer Versus Breast Cancer In Situ

In the above studies, we found that HTR6 expression was positively correlated with the RFS of breast cancer (Figure 1A). Subsequently, we analyzed the RFS of different subtypes of breast cancer responding to HTR6 expression. As a result, HTR6 expression was associated with the RFS of Luminal A and Luminal B breast cancer, but not Basal-like (Figures 1B–D). Subsequently, we analyzed the effect of HTR6 expression on the OS and other types of survival rates using the data sets from Kaplan-Meier Plotter database, and we did not obtain statistically significant conclusions. This might be because of a variety of factors, such as the size of the cohort, race, and breast cancer subtype. To confirm that HTR6 expression affected the patient survival rates, we performed further analysis using the data sets from the Prognoscan, and uncovered that HTR6 expression was statistically correlated with the OS, RFS, distal metastasis free survival rate, and disease free survival rate (P < 0.05) (Figures 1E–H). To verify the expression of HTR6 in breast cancer and explore its functions in tumor progression, we detected HTR6 protein in breast cancer tissues from 44 patients (Table 4) using an immunohistochemical assay. We found that the expression of HTR6 in invasive breast cancer, lymph node metastases, and distal metastases was lower than that in situ breast cancer (Figures 1I, J). These results supported what we found above and indicated that HTR6 might have an inhibitory effect on breast cancer progression (invasion, metastasis, etc.)




Figure 1 | HTR6 had a potential role in human breast cancer. (A) Lower expression of HTR6 was correlated with lower RFS in breast cancer patients (n = 3951); Lower expression of HTR6 was correlated with (B) lower RFS in patients with Luminal A breast cancer and (C) Luminal B breast cancer; But not in (D) patients with Basal-like breast cancer. (E–H) Lower expression of HTR6 was correlated with lower OS, RFS, distal metastasis free survival rate, and disease free survival rate in breast cancer patients. (I, J) The expression of HTR6 was reduced in invasive breast cancer and metastases versus breast cancer in situ, and “*” indicated p value < 0.05.




Table 4 | The characteristics of 44 breast cancer patients in our study.





HTR6 Was Potentially Involved in the Development of Multiple Tumors

Until now, most research on HTR6 has focused on its role in the nervous system (31–33). Subsequently, to solid the role of HTR6 in tumorigenesis, we primarily analyzed the protein expression of HTR6 in 20 kinds of tumors using The Human Protein Altas database. The results showed that HTR6 was universally expressed in benign tumors, thyroid cancer, breast cancer, and other nine human tumors (Figure 2A). Moreover, we analyzed the association between HTR6 expression and the OS of 21 types of tumors (n = 11262) using the Kaplan-Meier Plotter database. As a result, HTR6 expression was positively correlated with the OS of esophageal adenocarcinoma (n = 80), head and neck squamous cell carcinoma (n = 500), hepatocellular carcinoma (n = 371), and ductal adenocarcinoma of the prostate (n = 177), and negatively correlated with lung cancer (n = 1925) and endometrial carcinoma (n = 543) (Figure 2B). These results revealed that HTR6 might be correlated with the initiation and development of a variety of tumors.




Figure 2 | The expression of HTR6 was associated with the OS of a variety of tumors. (A) HTR6 protein was expressed in many tumors, including breast cancer. (B) The expression of HTR6 was associated with the OS of multiple tumors.





The Functions of HTR6 in Breast Cancer Might Be Associated MAPK, JUN, and Immune Pathways

At present, the role of HTR6 in tumors and the underlying mechanism are still barely known. In the above study, we found that HTR6 influenced the RFS of breast cancer; thus, we further explored the pathways or genes involved in this process. We analyzed the biological processes and pathways that HTR6 might regulate in breast cancer. Since HTR6 is a GsαPCRs, the activation of HTR6 triggers the activity of Gsα protein, thus promoting the generation of cAMP (34). As the downstream effector of cAMP, Cyclic AMP-dependent protein kinase A (PKA) phosphorylates many substrates (35). Therefore, we analyzed the phosphorylation modifications co-expressed with HTR6 through the Linkomics database (21). As a result, the phosphorylation of 294 genes was correlated with HTR6 expression in breast cancer (correlation coefficient > 0.3 or < -0.3) (Figures 3A, B, Supplementary Table). KEGG enrichment analysis of the HTR6 co-expressed phosphorylations revealed that HTR6 might regulate the MAPK pathway and tumor-related pathway (Figure 3C). Meanwhile, GO enrichment showed that the changes of HTR6 expression might affect the processes including JUN kinase activity, mRNA splicing, gene transcription, and cytoskeleton (Figures 3D–F).




Figure 3 | HTR6 was potentially involved in the regulation of MAPK, JUN and immune pathways in breast cancer. (A) The top 50 phosphorylation proteins positively correlated with HTR6 mRNA; (B) The top 50 phosphorylation proteins negatively correlated with HTR6 mRNA. 294 HTR6 co-expressed phosphorylated proteins (correlation coefficient > 0.3 or < -0.3) were enriched by (C) KEGG, (D) Cellular component, (E) Biological process, and (F) Molecular function.



Moreover, we analyzed the enriched pathways of the co-expressed phosphorylated proteins using the Metascape database and discovered that the pathway named megakaryocyte differentiation was enriched. This finding suggested that HTR6 might be relevant to regulating the immune microenvironment in breast cancer (Figure 4A). In addition, we also constructed the interacting network of these biological processes (Figure 4A). We uncovered tightly-linked groups of these co-expressed proteins, including cell-cell junction organization, mRNA splicing-major pathway, and activation of ATR in response to replication stress, cornification, and post-translational protein phosphorylation (Figure 4B).




Figure 4 | The interaction network of HTR6 co-expressed phorsphorylated proteins and key protein populations. (A) The protein interaction network of HTR6 co-expressed phorsphorylated proteins. (B) The closely-tied groups in the interaction network.





HTR6 Potentially Regulated the Immune Microenvironment of Breast Cancer

In the above studies, we found that HTR6 might have a regulatory effect on immune-related pathways. Besides, MAPK and JUN pathways, which are also potentially regulated by HTR6, are closely associated with the immune microenvironment of tumors (36, 37). Therefore, we explored the role of HTR6 in the immune microenvironment of breast cancer. Using Xcell (23) and CIBERSORT algorithms (22), we analyzed the correlation between HTR6 expression and microenvironment scores. The results showed that HTR6 was strongly correlated with stroma score and immune score in breast cancer (p < 0.001) (Figure 5A). In addition, the expression of HTR6 was strongly correlated with the infiltration of many immune cells, such as CD4+ Th2 T cells, CD4+ memory T cells, and Macrophage M2 cells (Figures 5A, B). Furthermore, we also analyzed the correlation between the expression of HTR6 and the checkpoint genes, immune stimulators, immune receptors, and chemokine. As a result, HTR6 was significantly correlated with the expression of most immune checkpoints, chemokines, immune receptors, and immune stimulators (Figures 6A–D).




Figure 5 | HTR6 expression was correlated with the infiltration of immune cells in breast cancer. (A) The analyses using Xcell and (B) CIBERSORT algorithms revealed the correlation between HTR6 expression and stroma score, immune score, and various types of immune cell infiltration in breast cancer.






Figure 6 | The expression of HTR6 was significantly correlated with the expression of immune checkpoints, immune stimulators, immune receptors and chemokines. The correlation between HTR6 expression and the expression of (A) immune checkpoints, (B) immune stimulators, (C) immune receptors, and (D) chemokines. “*” indicated p value < 0.05, and “**” indicated p value < 0.01.



Subsequently, to confirm HTR6 expression regulating immune infiltration and then affecting the development of breast cancer, we examined the correlation between HTR6 mRNA expression and RFS of breast cancer patients with high or low immune infiltration. The results showed that in patients with high type 2 T-help cells infiltration, HTR6 expression was positively correlated with RFS, while there was no significant effect on RFS in patients with low infiltration (Figures 7A, B). In patients with high infiltration of CD4+ memory T cells, HTR6 expression was positively correlated with RFS as well, while there was no significant effect in patients with low infiltration (Figures 7C, D). These results indicated that HTR6 expression was closely related to the immune microenvironment of breast cancer and thus affected the survival of patients.




Figure 7 | HTR6 expression was significantly correlated with the RFS of breast cancer patients with high immune infiltration. HTR6 expression was correlated with the RFS of breast cancer patients with (A) enriched type 2 T-help cells, but not correlated with the RFS of breast cancer patients with (B) decreased type 2 T-help cells. HTR6 expression was correlated with the RFS of breast cancer patients with (C) enriched CD4+ memory T cells, but not correlated with the RFS of breast cancer patients with (D) decreased CD4+ memory T cells.





FOXA1 Was a Potential Negatively Regulatory TF of HTR6 in Breast Cancer

As is well-known, the expression of target genes is closely related to their upstream TF’s protein level. Consequently, we investigated the TFs of HTR6 using the hTFtarget database and discovered 17 experimentally tested TFs of HTR6 in breast tissue (Figure 8A). Meanwhile, through the Linkomics database, we disclosed that 181 proteins were co-expressed with HTR6 (correlation coefficient > 0.3 or < -0.3). After overlapping the 17 TFs and the 181 genes, we found that FOXA1, one of the HTR6 potential TF in breast cancer, was negatively correlated with HTR6 mRNA (correlation coefficient = -0.428) (Figure 8B). This suggested that FOXA1 might be one negative TF for HTR6 in breast cancer. Subsequently, we analyzed the expression of FOXA1 using the Human Protein Atlas database and observed that FOXA1 was up-regulated in more than 70% of patients with breast cancer (n normal = 5, n tumor = 22) (Figure 8C). Since HTR6 was down-regulated in invasive breast cancer and metastases versus tumor in situ, this result suggested that FOXA1 might be the negatively regulatory TF of HTR6 in breast cancer.




Figure 8 | FOXA1 was one potential TF negatively regulating the expression of HTR6 in breast cancer. (A) 17 experimentally-tested TFs of HTR6 in breast tissue were uncovered using hTFtarget database. (B) FOXA1, as one potential TF of HTR6 in breast cancer was negatively correlated with HTR6 expression. (C) The expression of FOXA1 was up-regulated in most patients with breast cancer.





Deep Deletion on the Genome Might Be Another Reason for the Down-Regulation of HTR6 in Breast Cancer

In the above studies, we found that FOXA1, as a negative regulatory TF of HTR6, was up-regulated in breast cancer, which might be one of the reasons why HTR6 was down-regulated. Subsequently, we collected DNA mutations of HTR6 found by independent studies of breast cancer using the Cbioportal database (n = 9555) (Figures 9A, C) and revealed that deep deletion (shallow deletion refers to the slight loss of copy number, which can be understood as the original diploid becomes the monoploid (generally defined by the value of log2Ratio). Deep deletion indicates a massive loss of copy number) covered more than 55% of all patients with HTR6 mutations. A study of metastatic breast cancer in 2016 showed a 100% frequency of deep deletion in the patients carrying HTR6 mutations (Figure 9A). Furthermore, to explore the relationship between deep deletion and HTR6 expression, we analyzed 3143 patients with mutations. We observed that the expression of HTR6 in patients with deep deletion was equal to or lower than the median expression of the whole mutated population (Figure 9B). Therefore, we speculated that deep deletion might be another reason for the down-regulation of HTR6 expression.




Figure 9 | Deep deletion of HTR6 in breast cancer was possibly relevant to the down-regulation of HTR6. (A) The distribution of HTR6 mutations in different breast cancer studies. (B) The correlation between HTR6 mutations and expression. (C) The mutation site of HTR6 in breast cancer patients.






Discussion and Conclusions

This study explored the role of 44 neurotransmitter receptors in breast cancer by the bioinformatics method and demonstrated that the expression of 34 receptors was positively correlated with the RFS of patients. Among all these receptors, we performed a further in-depth analysis of HTR6, uncovering its new function in tumorigenesis, especially in breast cancer, revealing a high correlation between the expression of HTR6 and immune microenvironment, disclosing the pathways and upstream regulators that might mediate HTR6 functions.

According to a report in 2019, the prevalence of mental diseases worldwide has reached 22.1% (that is, 1.547 billion people) (10). Epidemiological reports have shown an increased incidence of breast cancer in patients with psychiatric disorders and an increased risk of breast cancer in people taking antipsychotic medications (4). Because antipsychotic drugs can reduce symptoms in patients with mental illness and some patients need to take them “for a long time”, a large number of patients are at potential risk of developing cancer. In addition, some patients with severe mental illness lack intact cognition, perception, and communication and cannot be aware of the disease as soon as possible and seek medical treatment on their own. Therefore, tumor prevention in patients with mental illness is particularly important. However, the molecules mediating the potential carcinogenicity of psychiatric drugs remain poorly understood. Neurotransmitter receptors, as frequent targets of psychiatric drugs, have been uncovered being relevant to tumorigenesis (13–19). Therefore, we hypothesized that the potential oncogenicity of psychotic drugs might be mediated by their targeted neurotransmitter receptors. In this study, we revealed neurotransmitter receptors, were potentially associated with tumorigenicity of breast cancer and lung adenocarcinoma. The results are expected to be applied in tumor prevention, the design of antipsychotic drugs, and the personalization of clinical psychotherapy.

Neurotransmitter receptors are widely expressed in the central nervous system (CNS) and play an important role in transmitting neurotransmitters between synapses (38–40). So far, most researches on neurotransmitter receptors have focused on their regulation of cognitive, emotional, and CNS diseases (38–40); little is known about their functions in tumors. Dopamine receptor 1 (DRD1) was relatively widely studied and identified as a potential tumor suppressor gene among the neurotransmitter receptors. Studies have shown that DRD1 has abnormal expression in various tumors, including breast cancer, CNS tumors, gastrointestinal tumors, etc. (41, 42). Activation of DRD1 could inhibit proliferation and migration of breast cancer and promote cell apoptosis and autophagy (43, 44). The DRD1 agonist SKF38393 significantly reduced the cell viability of MCF7, an estrogen-receptor-positive breast cancer cell line, more so than tamoxifen, the first-line agent for the treatment of hormone-dependent metastatic breast cancer (14).

HTR6 is 5-hydroxytryptamine receptor 6, first identified and cloned in 1993 (45). HTR6 is conjugated with Gsα protein, and the activation of HTR6 can promote the synthesis of secondary messenger cAMP (45). This receptor is highly expressed in CNS and involved in regulating cognition, feeding, emotional state, and epilepsy, and is closely associated with schizophrenia and Alzheimer’s disease (46, 47). In 2016, Jinhua Xu’s team found that the expression of HTR6 was decreased in colon cancer, and the lower expression was closely related to tumor recurrence (48). Therefore, combined with previous studies and our findings, HTR6 is more likely to play as a tumor suppressor in tumor recurrence. Noticeably, according to the NextPharma database, two antipsychotic drugs that target HTR6 are currently in preclinical and phase I clinical studies, highlighting the importance of elucidating the role of HTR6 in tumors.

In our previous study, we found that sertindole, an antipsychotic drug, has inhibitory activity on breast cancer, and the activation of HTR6 could rescue the loss of proliferation of cells (49). This result suggested that HTR6 activity might be positively correlated with the proliferation of breast cancer cells. In the immunohistochemical detection of HTR6 in breast cancer patients, compared with normal breast tissue and para-cancerous tissues, the expression of HTR6 was increased in breast cancer in situ but decreased in invasive breast cancer, and almost no expression was found in distal and lymph metastases, exhibiting a wave trend during the development of breast cancer. Combined with the results of this study, we speculated that the role of HTR6 in breast cancer might have two sides, playing as a promoter for tumor proliferation but suppressive for tumor progression and recurrence. Further functional studies are needed to verify the functions of HTR6 in different phases of breast cancer.

Interestingly, we discovered a close expression correlation between HTR6 and immune response-related genes, including checkpoint genes, immune stimulators, immune receptors, and chemokines (Figure 6). In fact, a large number of studies have reported the regulatory relationship between serotonin (as the ligand of HTR6) and immune system. For example, taking the selective serotonin reuptake inhibitors (SSRIs) can cause a decrease in pro-inflammatory cytokines and T helper cell 17 cells (Th17), exhibiting an anti-inflammatory effect (50). On the other hand, in Figures 3 and 4, we found that HTR6 expression was associated with changes in phosphorylation of MAPK pathway, JUN pathway, and megakaryocyte differentiation pathway. As is well known, MAPK pathway and JUN pathway are highly involved in the induction of inflammation (51, 52). Therefore, we speculate that the co-expression between HTR6 and the immune reaction-related genes may be mediated by these two pathways.

In conclusion, our study clarified a new function of HTR6 in breast cancer, uncovered its role in regulating the immune microenvironment, and revealed its relevant pathways and upstream regulator. The findings of this study laid a theoretical basis for the functions of neurotransmitter receptors in tumors, improved our understanding of the pathogenesis of breast cancer, and provided evidence for tumor prevention and personalized medicine in patients with mental illness.
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Introduction

Triple negative breast cancer (TNBC) is a subtype of breast cancer characterised by its high tumourigenic, invasive, and immunosuppressive nature. Photodynamic therapy (PDT) is a focal therapy that uses light to activate a photosensitizing agent and induce a cytotoxic effect. 5-aza-2’-deoxycytidine (5-ADC) is a clinically approved immunomodulatory chemotherapy agent. The mechanism of the combination therapy using PDT and 5-ADC in evoking an anti-tumour response is not fully understood.





Methods

The present study examined whether a single dose of 5-ADC enhances the cytotoxic and anti-tumour immune effect of low dose PDT with verteporfin as the photosensitiser in a TNBC orthotopic syngeneic murine model, using the triple negative murine mammary tumour cell line 4T1. Histopathology analysis, digital pathology and immunohistochemistry of treated tumours and distant sites were assessed. Flow cytometry of splenic and breast tissue was used to identify T cell populations. Bioinformatics  were used to identify tumour immune microenvironments related to TNBC patients.





Results

Functional experiments showed that PDT was most effective when used in combination with 5-ADC to optimize its efficacy. 5-ADC/PDT combination therapy elicited a synergistic effect in vitro and was significantly more cytotoxic than monotherapies on 4T1 tumour cells. For tumour therapy, all types of treatments demonstrated histopathologically defined margins of necrosis, increased T cell expression in the spleen with absence of metastases or distant tissue destruction. Flow cytometry and digital pathology results showed significant increases in CD8 expressing cells with all treatments, whereas only the 5-ADC/PDT combination therapy showed increase in CD4 expression. Bioinformatics analysis of in silico publicly available TNBC data identified BCL3 and BCL2 as well as the following anti-tumour immune response biomarkers as significantly altered in TNBC compared to other breast cancer subtypes: GZMA, PRF1, CXCL1, CCL2, CCL4, and CCL5. Interestingly, molecular biomarker assays showed increase in anti-tumour response genes after treatment. The results showed concomitant increase in BCL3, with decrease in BCL2 expression in TNBC treatment. In addition, the treatments showed decrease in PRF1, CCL2, CCL4, and CCL5 genes with 5-ADC and 5-ADC/PDT treatment in both spleen and breast tissue, with the latter showing the most decrease. 





Discussion

To our knowledge, this is the first study that shows which of the innate and adaptive immune biomarkers are activated during PDT related treatment of the TNBC 4T1 mouse models. The results also indicate that some of the immune response biomarkers can be used to monitor the effectiveness of PDT treatment in TNBC murine model warranting further investigation in human subjects.
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1 Introduction

Breast cancer is a chronic complex disease and a leading cause of cancer death amongst women globally (1). It is a heterogeneous disease classified into different molecular subtypes based on the presence (+) or absence (-) of immunohistochemical markers such as ER (estrogen receptor), PR (progesterone receptor), and HER2/neu (human epidermal growth factor receptor 2) in the breast tumour. Initially, Breast Cancer (BC) was classified based on hormonal receptors (ER and PR) alone. Later, new techniques developed identified HER2 as an additional marker (2). One of the subtypes is triple-negative breast cancer (TNBC) which is characterized by negative expression for ER, PR, and HER2 (ER-, PR-, and HER2-) and poor patient survival (3). The conventional treatment of primary breast cancer centres on surgery and adjuvant treatments including systemic chemotherapy, radiotherapy, endocrine therapy, and targeted therapies. The improvements made in therapy regimens over the last 20 years have reduced the mortality rate and improved morbidity among patients (4). However, despite the major advances made by systemic therapy regimens, novel therapies with enhanced efficacy and fewer side effects are required to treat patients presenting with TNBC.

Photodynamic therapy (PDT) is a site-specific, minimally invasive, and clinically approved treatment based on a photochemical reaction between light, a light-activated molecule or photosensitiser (PS) and molecular oxygen to elicit cell death (5, 6). The procedure consists of the pre-administration of a PS and its uptake by malignant cells, followed by local illumination of the target lesion with visible light at a specific wavelength (7–9). Each individual component is harmless, but the combination results in the formation of reactive oxygen species (ROS) that damages key components associated with the cell membrane, cytoskeleton, mitochondria, endoplasmic reticulum and nucleic acids, among others, which promotes immunogenic apoptosis or necrosis of malignant cells depending on the light treatment dose (10–12). In addition to its direct cytotoxic effect on malignant cells, PDT can also damage the tumour vasculature (13–16) and is shown to induce inflammatory and anti-tumour innate and adaptive immune responses capable of eradicating distant untreated tumour cells and developing anti-tumour memory immunity that can potentially suppress metastasis and prevent cancer recurrence (17). Indeed, cell death induced by PDT is accompanied by the release and/or exposure of damage-associated molecular patterns (DAMPs) by the dying cells. This triggers recruitment of antigen presenting cells (APC) such as monocytes or macrophages, neutrophils and dendritic cells to the site of cellular injury to eliminate photo-damaged tumour cells by phagocytosis. Subsequently, the recruited immune cells present antigen-derived peptides in association with major histocompatibility complex (MHC) molecules to T lymphocytes which results in activation of CD4+ T helper cells, CD8+ cytotoxic T cells as well as B cells, and hence the initiation of an adaptive immunity eventually allowing the control of distant metastases and protection from tumour relapse (17–24).

One promising approach to enhance PDT effectiveness against malignant cells consists of combining PDT with other therapeutic modalities, notably with surgery, radiotherapy, chemotherapy and immunotherapy (25–28). These combination regimens may potentiate the anti-tumour effect as well as the immune response. In this context, PDT combined with immunomodulatory agents showed improved efficacy in tumour cell destruction, stasis in tumour growth and induction of a sustained immune response in a number of cancer mouse models including breast cancer (26, 28–31). The optimization and a better understanding of such multi-modal regimens combining PDT with other anti-tumour therapies notably with immunomodulatory agents may lead to complete tumour eradication and long-term control of distant metastases.

5-aza-2′-deoxycytidine (5-ADC) is an immunoregulatory agent clinically approved for the treatment of myelodysplastic syndrome and acute myeloid leukaemia and is currently under investigation for treatment of advanced solid tumours (32, 33). 5-ADC is a methyltransferase inhibitor that inhibits DNA methylation, an epigenetic mechanism that regulates gene transcription (34). In cancer cells, aberrant DNA methylation plays an important role in tumourigenesis, silencing of tumour suppressor genes, as well as evasion of tumour cells from immune surveillance (35–37). In breast cancer cells, DNA methylation represses expression of MHC molecules as well as tumour antigens needed to induce an anti-tumour immune response. Inhibition of DNA methylation by 5-ADC restores expression of tumour antigens and MHC molecules on breast cancer cells and leads to better antigen presentation and subsequently the recognition of tumour cells by cytotoxic T lymphocytes and the initiation of an anti-tumour immune response (38). Taken together, these data suggest that combining PDT with the immunomodulatory agent 5-ADC could improve the efficacy of PDT and enhance its anti-tumour immune response.

PDT has proven to be an effective anti-tumour treatment (7–9) and has been investigated as a primary clinical treatment in a number of solid tumours. Clinical studies in pancreatic, prostate, head and neck tumours showed that PDT is successful and well tolerated with few adverse effects (39–41). In a first clinical study of PDT in the treatment of primary breast cancer, we showed that PDT under image guidance was a promising and safe therapeutic option in a multi-therapy setting in patients with a poor or incomplete response to neoadjuvant therapy (25). In this study we used verteporfin in a liposomal formulation (Visudyne™) as the photosensitiser (verteporfin-PDT). Verteporfin is a second-generation clinically approved PS for the treatment of age-related macular degeneration. We employed the name verteporfin throughout the manuscript as is common practice in the literature. In addition, clinical studies have demonstrated the anti-tumour efficacy and overall safety of verteporfin-PDT for the treatment of locally advanced pancreatic cancer (8, 42). Verteporfin is particularly suitable for use in breast cancer therapy due to its liposomal formulation (Visudyne™) allowing improved drug delivery, absorption, permeability and retention in tumour vasculature (43). While verteporfin-PDT has shown numerous advantages, more research is still needed to improve the anti-tumour efficacy of PDT.

The present study’s aim is to examine whether a single dose of the immunomodulatory drug, 5-ADC, enhances the cytotoxic and anti-tumour immune effects of low dose PDT in primary breast cancer using a liposomal formulation of verteporfin as the PS. In addition, the study aimed to examine the optimum conditions of the combination therapy of verteporfin-PDT and 5-ADC in terms of light dose, verteporfin and 5-ADC concentrations in vitro and in vivo in an orthotopic breast cancer mouse model using the triple negative mouse mammary tumour cell line 4T1 known to be highly tumourigenic, invasive and immunosuppressive (44, 45), which mirrors the clinical sequelae associated with triple-negative human breast cancer (46, 47).




2 Materials and methods



2.1 Cell culture

The unmodified 4T1 mouse mammary tumour cell line was obtained from Caliper Life Sciences, United Kingdom, and cultured in RPMI 1640 Medium supplemented with 10% FBS and antibiotics (100 U/mL penicillin and 0.1 mg/mL streptomycin). Cells were routinely cultured in 75cm2 tissue culture flasks (TPP) at 37°C in 95% humidity and 5% CO2 incubator. Once the flasks reached a 70-80% confluency, cells were either sub-cultured or seeded for the desired protocols. When necessary, cells were detached using a solution of 0.05% Trypsin-EDTA.




2.2 Pharmacological drugs

5-aza-2′-deoxycytidine (5-ADC) was purchased from Sigma Aldrich Ltd (United Kingdom). Verteporfin in a liposomal formulation (Visudyne™) was purchased from Novartis© (United Kingdom) via the Royal Free London Pharmacy and was used as PS in this study. Both drugs were reconstituted with sterile distilled water.




2.3 In vitro treatments

To determine the half maximal inhibitory concentration (IC50) of 5-ADC, 4T1 cells (3×103 cells/well) were seeded in a 96-well plate. After 24 h, cells were washed once with PBS then treated with increasing doses of the drug ranging from 0.1 μM to 1 μM for 24h. Cells exposed to the drug for 24 hours were then washed twice with PBS to remove all of the 5-ADC and allowed to grow for a further 48h. Cell viability was then assessed using the 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide assay (MTT assay), as explained below.

To determine the lowest optimum light dose and concentration of verteporfin needed to achieve 50% cell growth inhibition, 4T1 cells (3× 103 cells/well) were seeded in 96-well plates. 1 J/cm2 and 2.5 J/cm2 were selected as the test light doses based on previous work done by the group and published articles. Twenty-four hours after plating, cells were treated with increasing concentrations of verteporfin ranging from 0.1 μM to 0.5 μM. The plates were covered with aluminium foil to minimize inadvertent photosensitization. After 90 minutes, cells were washed twice with PBS then exposed to either 1 J/cm2 or 2.5 J/cm2 of red light using a filtered xenon arc lamp coupled to a light guide (integrated with a lens to generate a uniform output beam) centred at 690 +/- 15 nm (GCG Healthcare Ltd, West Sussex, UK). The intensity of the lamp was measured prior to irradiation and was calculated to be 20mW/cm2. Activation of verteporfin occurs using near infra-red light peaking at wavelength 690 nm (43). Following illumination, the plate was re-covered with aluminium foil and placed in the incubator for a further 48h. Changes in proliferation rate or metabolic activity were then assessed with MTT assay. A treated but not illuminated plate was also included in our studies to validate the lack of toxicity induced by verteporfin in our model in the dark, as previously observed for other cancers.

For the combinatorial treatment and to determine the optimum concentration of verteporfin combined with 5-ADC that results in maximal response, 4T1 cells (3×103 cells/well) were seeded in a 96-well plate and allowed to proliferate for 24h. Cells were then washed and treated with 5-ADC (0.5 µM) for 24h. After 24h, cells were treated with liposomal formulation of verteporfin for 90 minutes then washed and illuminated. Concentrations tested at 1J/cm2 and 2.5 J/cm2 were 0.25 μM and 0.15 μM verteporfin, respectively, based on the results obtained in the monotherapy studies. After illumination, the plates were kept in the incubator as previously described for 48h. Then metabolic activity was assessed by the MTT assay. Three independent experiments were performed.




2.4 Cell proliferation assay

Cell proliferation or metabolic activity was evaluated using the 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide assay (MTT assay). 100 μL of MTT (1 mg/ml) was prepared in RPMI, filtered via a 0.22 μm PVDF syringe filter, and added to each well. Cells were incubated for 1 h. Supernatant was then removed and 100 μL of DMSO (dimethyl sulfoxide) was added to each well to dissolve the formazan crystals. Absorbance was measured at 570 nm using an Infinite M200 PRO microplate reader (Tecan Group Ltd., Switzerland). Three independent experiments were performed (six wells per condition and experiment).




2.5 Western blot

For protein extraction, 4T1 cells (100000 cells/well) were grown in 6-well plates and treated as previously explained. Forty-eight hours post-treatment, cells were washed with PBS and lysed with RIPA lysis buffer supplemented with COMPLETE protease inhibitor cocktail (Roche). Afterwards, cells were centrifuged at 14,000rpm for 20 minutes at 4°C, and protein concentration of all supernatants was measured using the commercial Bio-Rad Bradford protein assay. Protein electrophoresis was done by standard SDS-PAGE using 4-20% polyacrylamide gels and transferred to PVDF membranes (BioRad). Blocking was performed with 5% semi-skimmed milk (diluted in PBS) for 1 hour at room temperature. Membranes were incubated overnight at 4°C with primary antibodies diluted in 5% semi-skimmed milk against Dnmt1 (DNA (cytosine-5)-methyltransferase 1) (1:1000, ab188453, Abcam); YAP (yes-associated protein 1) (1:500, sc-101199, Santa Cruz Biotechnology); Cleaved caspase-3 (Asp175) (1:1000, 9661, cell signalling) and GAPDH (Glyceraldehyde 3-phosphate dehydrogenase) (1:10,0000, sc-32233, Santa Cruz Biotechnology). Membranes were then washed thrice for 5 minutes with TBS 0.1% Tween-20 and incubated with goat anti-mouse or anti-rabbit HRP-linked secondary antibodies (1:10,000; P0447 and P0448, Dako) for 1 hour at room temperature. Membranes were developed using the western-Ready ECL Substrate solution (BioLegend) and a ChemiDoc XRS+ gel imaging system (Bio-Rad). The relative intensity of the bands was analysed by Image J (National Institute of Health, USA).




2.6 Immunofluorescence

For indirect immunofluorescence detection of cleaved caspase 3 and YAP, 4T1 cells grown on coverslips in a 24-well plate at a cell density of 25,000 cells/well in 500 μL of RPMI. Post-treatment, cells were fixed for 30 minutes with 4% paraformaldehyde in PBS at RT, washed three times with PBS (5 min each), and permeabilized with 0.5% Triton X-100. After 5 min, Triton X-100 was removed and cells were incubated in blocking solution (5% bovine serum albumin, 5% FBS, 0.02% Triton X-100 in PBS) for 30 min at RT. Once removed from blocking solution, 25 μl of a 1:100 solution of primary antibody (same ones used for western blotting) was added to each sample and incubated at 37 °C for 1 h. Three 5-min washes with PBS were then carried out before addition of Triton X-100 for 5 min. Incubation with Alexa Fluor 488 goat anti-mouse or anti-rabbit IgG secondary antibody (1:500) was identical to that of the primary antibody and so were final washes. Samples were mounted with ProLong Gold antifade with 4,6-diamidino-2-phenylindole (DAPI) to stain the nuclei. Samples were visualised using an Olympus BX63 microscope with a digital camera DP80, equipped with the filters: blue/DAPI (350-460 nm) and green/FITC (495-524 nm). Images were merged using ImageJ software (National Institute of Health, USA).




2.7 Orthotopic mouse model using 4T1 cells

The animal experiments were undertaken under the ethical approval of the project (REC approval number: 70/7666) and personal licenses (PIL70/25583) granted by UK Home Office (2013) and adhering to the United Kingdom Coordinating Committee of cancer Research (UKCCCR) guidelines. Six-week-old immuno-competent Balb/c female mice were purchased from Worthington laboratories. At 8 weeks age, 36 mice were inoculated into the abdominal mammary pad with 4x105 4T1 cells suspended in RPMI medium. Once tumours were first palpable (5 days after inoculation with tumour size between 6 and 10 mm), verteporfin-PDT alone (n=9) (15mg/kg), 5-ADC alone (6.25mg/Kg) (n=8), or for the combination strategy, single dose 5-ADC (6.25mg/Kg) followed 48h later with verteporfin-PDT (n=9). Control mice (n=10) were inoculated with tumour cells but untreated (only saline was injected). The extent of tumour damage induced by treatment was assessed histologically, as described later. 5-ADC was injected intraperitoneally, while verteporfin-PDT was performed following intravenous injection of verteporfin using the clinically approved liposomal formulation (Visudyne™) (15mg/Kg) via the tail vein. A fibre-optically coupled laser diode module emitting at 690 nm (Biolitec AG) was used for PDT and activated verteporfin at its 690nm absorption peak. The power employed did not exceed 100mW. Before PDT treatment, mice were given general anaesthesia and the treatment light dose was delivered either 15 minutes or 60 minutes after verteporfin intravenous injection via a bare-end optical fibre (Medlight SA, Switzerland) introduced directly into the tumour’s superior pole, via an excision in the overlying skin. Following PDT treatment, the laser fibre was removed, and the wound closed and disinfected with chlorhexidine. The treated mice were given buprenorphine via intra-muscular injection and acetaminophen for analgesia. Mice were initially kept in a dark, humidified, and warm environment for recovery, and then returned to their normal cages at room temperature. Mice were observed daily and biometric measurements, including tumour diameter, were performed. Mice were also observed daily for further symptomatic deterioration or behavioural change suggestive of increasing pain and requiring euthanasia in accordance with home office guidelines. Mice were sacrificed 5 days after PDT and no later than day 14 after inoculation of tumour cells.




2.8 Identification of tumour immune microenvironment response genes using bioinformatics and in silico analysis

In order to identify the immune response genes to be tested for, thorough literature search was carried to identify immune response gene linked to breast cancer. The expression of each gene in TNBC was tested for significant by comparing 293 TNBC samples to 3887 of non-TNBC subtypes of breast cancer in human samples using bc-GenExMiner bioinformatics tool (http://bcgenex.ico.unicancer.fr)  (48). To characterise the potential the relationships between the significantly differentially expressed panel of genes in TNBC compared to non-TNBC, the STRING database (49) was used to generate graph-theoretic protein-protein interaction map from the panel.




2.9 Quantitative real-time PCR

Total RNAs were extracted from cells (in vitro studies) or from formalin fixed paraffin embedded (FFPE) tissue blocks from breast and splenic murine tissues according to standard procedures. Quantitative real-time PCR (qRT-PCR) was performed using the QuantStudio 3 Real-Time PCR System (Thermofisher) and SYBR Green chemistry (Qiagen Quantifast SYBR Green kit (Cat# 204056, Qiagen)). The forward and reverse primers were designed or modified from DuPré et al. (50) to work on FFPE biopsies. The list of primer sequences is presented in Supplementary Table 1. GAPDH was used as the internal standard housekeeping gene. The qPCR data was analysed using the QuantStudio Design and Analysis Software v1.4.1 (ThermoFisher). The relative gene expression was determined using the 2-ΔCt and 2-ΔΔCt methods (51). Data are presented as the mean of three independent experiments performed in duplicates.




2.10 Flow cytometry

Splenic tissue harvested for flow cytometry was dissected, digested and then re-suspended in FACS buffer solution (Invitrogen). Fc/32 block antibodies were added to the solution to decrease non-specific binding of immunoglobulins and incubated for 30 minutes at 4°C in the dark. Primary antibodies for CD4 (L3t4) biotin, CD8 (PE/Cyanine7 anti-mouse CD8a antibody (ly-2)), MHC class II (I-A/I-E), CD16/32 APC monoclonal antibody and CD45 antibody-FITC were then added and incubated for 45 minutes. Controls were provided by adding a drop of UltraComp eBeads in FACS buffer in each of the 4 antibodies individually. Quantitative data from flow cytometry samples were analysed by setting the flow cytometer (FortessaTM) threshold for forward angle scatter (FS) and 4 colours of fluorescence were collected using logarithmic amplification as follows: PE (670nm, for CD8+), FITC (520nm for MHC class II+), BV 510 (510nm for CD45+), and BV 421(421nm for CD4+). Gating and further analysis was carried out using the FlowJo v10 software and was based on dead cells debris exclusion of material with minimal forward or side scatter from the analysis and CD45+ staining to identify the percentage of CD4+ and CD8+ lymphocytes in the sample. Thus, the gating strategy was to identify the percentage lymphocytes in the sample based on side scatter versus forward scatter plots then identifying the percentage CD4+ and CD8+ within the gated region.




2.11 Histopathology analysis

The breast tumours and spleens of all mice were harvested at post-mortem and placed in 10% formal saline. All specimens were processed for histopathology analysis within 24 hours of retrieval and routinely processed (CI. Biobank for health and disease UCL). H&E (hematoxylin and eosin) stained serial sections were examined to assess the size of breast tumours, and the extent of confluent tumour necrosis both at the peripheral PDT sites and centrally within the tumour. Necrosis refers to zonal replacement of viable tissue by amorphous eosinophilic material with ghost outlines and karyorrhectic debris. Individual cell apoptosis was not considered. The tumour diameter and maximum necrotic diameter (within the tumour) were used to calculate an estimate for tumour and necrosis volume using the formula: V = 4/3 π (D/2)3 where V is the volume, π is 3.14 and D is the measured diameter.

Spleens were assessed for the presence of metastases. In addition, pathological changes to the normal architecture to suggest tumour invasion, increase in immunological activity were also recorded. Immunohistochemistry, using anti-CD4 (ab183685, Abcam, 1:500 dilution) and anti-CD8 (ab209775, Abcam, 1:1000 dilution) antibodies, was employed to identify the presence of CD 4+ helper T cells, CD 8+ cytotoxic T cells, to characterize the 4T1 cells MHC class II in the treated versus control splenic tissue. Lung, liver, and breast tissues were assessed for the presence of metastatic tumour cells.




2.12 Quantitative analysis using digital pathology

In order to detect the effect of PDT on tumour tissue at the cellular level, digital pathology techniques were implemented using ImageJ plugin ‘IHC profiler’ (52). The method uses colour deconvolution and pixel profiling to produce a score for images with IHC staining using the following formula:  .

For the splenic red and white pulp quantification, the area of each was quantified. For the immunohistochemistry analysis, the staining area (percentage) and intensity for each antibody was estimated. The images were cropped by setting the scale and creating an image with the same dimension across the different slides and the proportion score (PS) and an intensity score (IS) were calculated as described in Berryman et al. (52) which produced the criteria used for quantitative digital pathology (Table 1).


Table 1 | Digital pathology criteria for quantitative analysis based on proportion and intensity scores.






2.13 Statistical analysis

Statistical analyses were carried out using two-way ANOVA (analysis of variance) followed by Bonferroni post hoc test for multiple comparisons. p<0.05 was considered to be statistically significant and at probability levels of p<0.05(*), p<0.01(**), and p<0.001(***). Calculations and figures were generated using GraphPad-Prism software (version 8.2.0). Data are shown as mean ± SD (standard deviation) from three independent experiments (biological replicates).

For digital pathology, Fisher’s exact test was used to compare untreated and various treated groups. For qRT-PCR, the data were calculated as the average from three independent experiments. The fold change was calculated by comparing each of the treatment groups (verteporfin-PDT, 5-ADC and verteporfin-PDT with 5-ADC) against the control (untreated) and presented as fold change for each of the gene being investigated.

The synergistic interaction between verteporfin-PDT and 5-ADC used in combination was assessed by applying the method of Valeriote and Lin (53–55) as follows:

[A]: % of cell viability after treatment A (verteporfin-PDT 0.15 µM at 1 J cm-2 or 0.25 µM at 1 J cm-2 in monotherapy), [B] % of cell viability after treatment B (0.5 µM 5-ADC in monotherapy), and [A + B] % cell viability after combination treatment (verteporfin-PDT+5-ADC). The effect of the combination treatment is defined as:

	

	





3 Results



3.1 In vitro combination therapy of verteporfin-PDT and 5-ADC exerts synergistic cytotoxic effect on 4T1 TNBC cells

Various in vitro assays were used to evaluate the effect of verteporfin-PDT or 5-ADC in monotherapy on the viability and metabolic activity of 4T1 TNBC cells. The IC50 of verteporfin was determined at two light doses (1 or 2.5 J cm-2) using MTT assays performed 48h after treatment. IC50 of verteporfin at 1 J cm-2 was between 0.25 and 0.3 μM, while IC50 of verteporfin at 2.5 J cm-2 was 0.15 μM (Figure 1A). The IC50 of 5-ADC was achieved at 0.7 μM 48 hours post-treatment (Figure 1B).




Figure 1 | Effects of the combination of verteporfin-PDT with 5-ADC on viability of 4T1 TNBC cell line. (A) 4T1 cell line was seeded in 96-well plates (3 × 103 cells per well) and allowed to proliferate for 24 h in complete medium. After 24h, the cells were incubated for 90 min in the presence or not of verteporfin at different concentrations. After 90 minutes of incubation, the cells were washed and exposed to either 1 J cm-2 or 2.5 J cm-2 of red light. Following illumination, the plate was re-covered with aluminium foil and placed in the incubator. At 48 hours of further incubation cell viability was assessed with MTT assay. Data are mean - SD of three independent experiments performed in sextuplicates. (B) 4T1 breast cancer cell line was seeded in 96-well plates (3 × 103 cells per well) and allowed to proliferate for 24 h in complete medium. Then cells were incubated for a further 48 h in the presence or not of 5-ADC at different concentrations. At the end of the treatment period, cell proliferation was measured using the MTT assay. Data are mean +/- SD of three independent experiments performed in sextuplicates. (C) Similar experiments were performed in 4T1 cells treated with verteporfin-PDT and/or 5-ADC (0.5 µM) for 48 h. Concentrations of verteporfin tested at 1 J cm-2 and 2.5 J cm-2 were 0.25 μM and 0.15 μM respectively. Data are mean +/- SD of three independent experiments performed in sextuplicates. (D) Morphological analysis by bright field microscopy of 4T1 cells treated with verteporfin-PDT and/or 5-ADC evaluated 48h post-treatment. (E) Western-Blot and immunofluorescence of (cleaved) caspase-3 in 4T1 cells treated with verteporfin-PDT and/or 5-ADC at 1 J.cm-2 or 2.5 J.cm-2 48h post-treatment. p<0.05 (*), p<0.01 (**), and p<0.001 (***).



This was followed by assays to measure the cytotoxic effect of the therapies. Specifically, the ability of 0.5 μM of 5-ADC to enhance the cytotoxic effect of verteporfin-PDT. Therefore, 0.25 μM of verteporfin was used at light dose 1 J cm-2 while a concentration of 0.15 μM was investigated at 2.5 J cm-2. Treatment of TNBC cells with the combination verteporfin-PDT/5-ADC decreased cell viability to a larger extent than did each treatment alone (p< 0.0001). This effect was observed at both light doses implying that the combination of verteporfin-PDT/5-ADC is significantly more efficient to reduce cell proliferation and viability compared to the monotherapies in vitro (Figures 1C, D). To determine whether the combination of verteporfin-PDT and 5-ADC exerts a synergistic cytotoxic effect, the synergy was assessed (Table 2). Results showed that the combination therapy (verteporfin-PDT/5-ADC) exerted a synergistic cytotoxic effect on 4T1 cells irrespective of the two light doses.


Table 2 | Synergistic cytotoxic effect of the combination of verteporfin-PDT with 5-ADC on 4T1 TNBC cell line.



In vitro experiments were carried out to determine whether the effect of combination therapy (low-light dose PDT with single high dose of 5-ADC) induced cell death by apoptosis. This was achieved by measuring the expression of a key pro-apoptotic protein, cleaved caspase 3, using western blotting and immunofluorescence (Figure 1E). Caspases enzymes are crucial mediators of apoptosis. Caspase-3 is a protease that is cleaved and activated during apoptosis to catalyse the cleavage of essential cellular proteins contributing to cell death. It is widely used as a maker of apoptosis and as an indicator of cytotoxicity of potential therapeutic agents (56). Western blot and immunofluorescence of cleaved caspase-3 showed an increase in expression in 4T1 cells with all treatments. All treatments showed increase in apoptosis with the highest observed with combination of verteporfin-PDT/5-ADC at 1 J cm-2 with the caspase-3/GAPDH ratio of 10.67, followed by verteporfin-PDT at with ratio of 9.75, at the evaluated timepoint. Interestingly, combination treatment of verteporfin-PDT/5-ADC at 2.5 J cm-2 showed lower expression of cleaved caspase-3 than combination treatment at 1 J cm-2 with cleaved caspase-3/GAPDH ratio at 4.87 at 48h post-treatment. The reason for this result might be that the PDT treatment at 2.5 J cm-2 was more effective than 1 J cm-2, and cell death was quickly induced after the end of the illumination period (morphological changes and cleaved caspase-3 expression were already observed 24h post-treatment at 2.5 J cm-2; data not shown), and many cells were detached and floating in the wells already 48h post-treatment. Overall, 4T1 cells treated with the combination treatment compared to control untreated cells, at both light doses, showed induction of cell death by apoptosis (Figure 1E).




3.2 In vitro combination therapy of verteporfin-PDT and 5-ADC is more effective than single therapy on tumour suppression via DNA methylation repression and YAP inhibition

DNA methylation is a major epigenetic mechanism that plays an essential role in regulation of gene transcription (35). Aberrant DNA methylation in cancer is involved in tumourigenesis, silencing of tumour suppressor genes, as well as evasion of tumour cells from immune surveillance by suppressing expression of MHC molecules and tumour antigens needed to induce an anti-tumour immune response (36–38). 5-ADC is a methyltransferase inhibitor that inhibits DNA methylation which helps in restoring expression of tumour suppressor genes and tumour antigens, and therefore the initiation of an anti-tumour immunity (39).

To determine whether the combination therapy affects DNA methylation, the protein expression of two key regulators of DNA methylation, Dnmt1 (DNA methyltransferases 1) and YAP (Yes-associated protein) coded by YAP1 gene were measured in 4T1 cells treated with verteporfin-PDT with or without 5-ADC. Dnmt1 is the major enzyme responsible of DNA methylation maintenance (35) and defects in Dnmts was shown to cause epigenetic disruption associated with tumourigenesis (57). YAP, one of the major effectors of the Hippo pathway, also contributes to DNA methylation remodeling (58) and its downregulation was shown to have tumour suppressive effects in breast cancer (59). However, YAP1 was also shown to play a dual role as oncogene and tumour suppressor gene in human oncogenesis depending on the tissue type (60). Several studies have shown that verteporfin can downregulate YAP expression, having an effect on cell proliferation and death (61). Based on this, we wanted to validate a possible synergistic antitumoral effect induced by the double downregulation of Dnmt1 and YAP, promoted by the combination of 5-ADC and verteporfin-PDT. The aim was to prevent cytotoxicity while achieving hypomethylation, immune activation and inhibition of proliferation, migration and invasion by using low-dose exposure of both drugs. The results showed that Dnmt1 was reduced by the mono- and combination treatments, with the highest reduction observed in the combination therapy at both light doses with ratio of Dnmt1/GAPDH at 0.16 for verteporfin-PDT/5-ADC at 1 J cm-2 and 0.23 at 2 J cm-2, respectively (Figures 2A, B). These results suggest that the combination therapy is more efficient in repressing DNA methylation compared to monotherapy at both light doses and therefore could better enhance the anti-tumour immune response.




Figure 2 | Effects of the combination of verteporfin-PDT with 5-ADC on expression of DNA methylation regulators in 4T1 TNBC cell line. (A) Western blot of Dnmt1 and YAP in 4T1 TNBC cells treated with verteporfin-PDT and/or 5-ADC (0.5 µM) evaluated 48 h post-treatment. Concentrations of verteporfin tested at 1 J.cm-2 and 2.5 J.cm-2 were 0.25 μM and 0.15 μM respectively. (B) Immufluorescence staining of YAP in 4T1 cells treated with verteporfin-PDT and/or 5-ADC at 48h post-treatment.



Regarding YAP, the results showed suppression of its expression at 2.5 J cm-2 light dose with both verteporfin-PDT and verteporfin-PDT/5-ADC with YAP/GAPDH ratios of 0.31 and 0.23, respectively, and surprisingly, an increase at 1 J cm-2 with YAP/GAPDH ratio of 0.68 for verteporfin-PDT and the highest increase of YAP/GAPDH ratio at 2.72 for verteporfin-PDT/5-ADC treatment (Figures 2A, B).

Overall, the in vitro experiments demonstrated an improved cytotoxic effect of the combination verteporfin-PDT/5-ADC compared to monotherapies with induction of apoptotic and immune response markers in cancer cells. In addition, the effect of the combination was synergistic at 1 Jcm-2 and 2.5 Jcm-2 light doses. The low expression of YAP protein at 2.5 Jcm-2 light dose indicates that it is more effective on inhibiting breast cancer cells. Based on these results, in vivo experiments were conducted in an orthotopic murine breast cancer model to investigate the effect of the combination treatments on tumour growth, cell death as well as anti-tumour immune response.




3.3 In vivo mono and combination therapy of verteporfin-PDT and 5-ADC show the presence of necrotic areas at the site of PDT treatment in orthotopic murine 4T1 breast cancer model

An appropriate experimental breast cancer model to study the cytotoxic and immunological effects of the combination verteporfin-PDT/5-ADC is the immuno-competent, syngeneic, orthotopic 4T1 breast cancer murine model established in immune-competent Balb/c mice. This experimental model is poorly immunogenic and profoundly immune-suppressive, lacking for instance expression of MHC class II, key regulator of the adaptive immunity (62, 63). In addition, 4T1 has tendency for early metastasis to regional lymph nodes, as well as to distant sites such as the lung, liver, brain and bone (45, 64). These characteristics closely correlate with the pathological progression of high-grade triple receptor negative human breast carcinoma (TNBC) (44) as well as advanced breast cancer which favours its use for in vivo investigations (45).



3.3.1 Determination of the optimal timing of PDT delivery after administration of the photosensitizer

The initial set of in vivo experiments aimed at determining the optimal timing of PDT delivery after administration of the photosensitizer (PS). Four mice bearing 4T1 breast tumours were given an intravenous injection of verteporfin. PDT was delivered either after 15 minutes or 1 hour after administration of the PS. Each set of mice was either given a light dose of 50 J at 50 mW power setting or 50 J at 100 mW. A higher power could not be used owing to the risk of thermal damage. No adverse events occurred during or after injection of the PS or during anesthesia or PDT. There was no evidence of skin necrosis or any superficial evidence of necrosis of the tumours. The diameters and volumes of the tumour and necrotic area (within the tumour) were measured using histopathological techniques, from which the percentage of necrosis volume versus tumour volume were derived (Supplementary Figure 1). Mice treated with PDT 15 minutes after PS injection showed evidence of tumour necrosis at the treatment site. The diameter of necrosis was 4mm and 6mm for 50mW and 100mW, respectively. The extent of this was slightly greater at 100 mw than at 50 mW. In contrast, mice showed no necrosis at the PDT treated site when treated 1 hour after injection of PS at power setting 50mW and 100mW. Although there was 2mm of central patchy necrosis in the tumour treated with 100mW this was not related to the PDT site and resembled central necrosis seen in the control group. This occurred in control tumours 15mm or more in diameter, also a feature commonly seen in rapidly proliferating tumours. The optimum timing for PDT delivery was deemed to be 15 minutes after injection of the PS.

The preliminary results showed that delivery of PDT 15 min after PS is more efficient in reducing tumour volume and inducing tumour necrosis compared to 60 min post-PS, which is consistent with the predominantly vascular localization of the PS within the first 30 minutes of treatment thereby resulting in acute vascular damage. At longer durations post-administration PS would have been taken up by tumour cells, owing to its rapid clearance from circulation thereby reducing the extent of vascular damage.




3.3.2 Determination of the lowest light dose and power setting for consistent necrosis

Determination of the lowest light dose and power setting needed to produce consistent necrosis was carried out next. Two light doses (50J and 90J) were initially considered with power settings of 30mW, 50mW, and 100mW. However, the 30mW power setting was only used for the 50J light dose since 90J would have resulted in a treatment duration of 50 minutes. Nine mice were treated at 3 power settings as follows: 50J at 30mW, 50J and 90J at 50mW, 50J and 90J at 100mW. Results are shown in (Supplementary Figure 2). The results demonstrated that 50J at power setting of 50 mW was the lowest light dose and power setting for achieving consistent results. Treatment of tumours with 90J at 100mW showed similar results. The duration of treatment of these energy settings were comparable suggesting that the ‘window’ for optimal treatment duration was no more than about 30 minutes for this treatment group. This is supported by the observations that the least extent of necrosis still visible on microscopy was observed at 50J at 30mW and 90J at 50 mW also resulted in reduced extent of necrosis; both these had prolonged total duration of treatment (inclusive of PS injection) approaching 60 minutes.




3.3.3 Optimum conditions of single and combination therapy of verteporfin-PDT and 5-ADC on orthotopic 4T1 mouse model tumour growth

Following the optimization of the conditions of verteporfin-PDT in terms of power setting, light dose and duration of PDT delivery after verteporfin administration, the effect of the combination verteporfin-PDT/5-ADC on tumour growth in the orthotopic 4T1 breast cancer mouse model was examined. 36 mice were inoculated with 4T1 cells as described above and then divided into 4 groups as follows: Control untreated group (n=10); verteporfin-PDT alone (n=9); 5-ADC alone (6.25mg/Kg) (n=8), or 5-ADC (6.25mg/Kg) followed 48h later with verteporfin-PDT (n=9). In these experiments, verteporfin-PDT was delivered at light dose 50J with 50mW power setting following intravenous PS delivery 15 minutes earlier. Four days after PDT, the diameters of the primary tumours were measured, the volumes calculated, and the necrotic areas were measured manually from histopathology slides by high power microscopy. Local effect on the treated site as well as distant effect and metastases in the spleen were also examined.

Analysis of the tumour and necrosis diameters determined histologically (Figure 3) showed variations in the tumour size within each group, while ranges of tumour diameters were similar for the 3 treatment groups. The control group had the widest range of tumour diameters with the largest tumours. Analysis of the tumour volumes showed comparable volumes in the 4 groups. Despite the same volume of tumour cells were implanted, the mice were not immunosuppressed or genetically identical. Therefore, this variation could occur due to differences phenotypic expression of the immune system of the mice. Another explanation may be due to failure of some of the cells to implant in large enough colonies in close vicinity to each other.




Figure 3 | Effect of the combination verteporfin-PDT/5-ADC on tumour growth in an orthotopic murine breast cancer model. Mice were inoculated with 4T1 cells then treated or not with verteporfin-PDT alone (n=9); 5-ADC alone (6.25mg/Kg) (n=8); or 5-ADC (6.25mg/Kg) followed 48h later with verteporfin-PDT (n=9). Verteporfin-PDT was delivered at light dose 50J with 50mW power setting following intravenous PS delivery 15 minutes earlier. (A) Tumour and necrotic area diameters were measured using histopathology. (B) PDT site with ablated tumour (red arrow), margin with living tumour (blue arrow). The black arrow represents the sharp line of demarcation between these two areas. p<0.05 (*).



Histopathology analysis showed presence of necrosis at the PDT site of mice treated with PDT alone, and mice treated with PDT combined with 5-ADC with no evidence of necrosis at other sites. The median necrotic volume was highest in the PDT alone treatment group (Figures 3A, B). Both groups showed a smooth confluent pattern of necrosis radiating circumferentially from the PDT site with a clear margin between necrotic tissue and living tumour cells outside the zone of treatment (Figure 3B). There was an intermediate zone of apoptotic cells between these two areas that was more prominently demarcated in the mice receiving combined treatment. However, combining a single high dose 5-ADC prior to PDT did not lead to a greater extent of necrosis at the PDT site although qualitatively the pattern of necrosis at the PDT site was more prominently demarcated in the combined therapy group.

In contrast, mice treated with the 5-ADC alone showed central necrosis characterized by irregular islands of apoptosis and necrotic cells with intervening areas of living tumour cells in most cases, although some had no necrosis. There was no evidence of peripheral necrosis in the tumours of these drug treated mice. The untreated control mice had tumours that did not show necrosis unless the tumour diameter was > 15 mm, a feature commonly seen in rapidly proliferating tumours. The morphology of necrosis assessed by histopathology for each group is summarized in Table 3.


Table 3 | The morphology of necrosis observed in the breast tissue by histopathology.



BCL2 is a pro-survival biomarker, and its overexpression is common in many types of human cancer including breast cancer (65, 66). In TNBC, BCL2 expression was shown to be an independent poor prognostic factor (67). Therefore, we examined levels of the pro-apoptotic marker BCL2 in the breast tissue of treated or untreated mice. Results showed a decrease in BCL2 levels in all treated groups compared to the control indicating apoptosis of tumour cells in the treated groups (Figure 4). To summarize, the results showed the presence of necrotic area at the site of PDT treatment delivered as monotherapy or in combination with 5-ADC, although no reduction in tumour size in any of the groups was noted.




Figure 4 | Effects of the combination of verteporfin-PDT with 5-ADC on expression of anti-tumour immune response biomarkers in the breast tissue of murine 4T1 TNBC model.







3.4 In vivo mono and combination therapy of verteporfin-PDT and 5-ADC reverses metastasis of cancer cells in orthotopic 4T1 murine breast cancer model

Whether combination therapy could exert suppressing effects on metastasis of tumour cells was examined. Indeed, in addition to its direct cytotoxic effect on malignant cells, PDT is known to induce inflammatory and anti-tumour innate and adaptive immune responses against distant untreated tumour cells allowing the control of distant metastases (15).

The spleen tissue of untreated and treated mice was examined histopathologically to observe the differences in cellular architecture and presence of metastases in the treatment and control groups. Lung, liver and spleen were also examined for the presence of metastases.

All animals injected with the 4T1 cell line displayed metastases in the lungs at six weeks with substantial numbers displaying metastasis to liver (5/6), spleen (3/6) and bone (2/6). Metastases were occasionally found in lymph nodes, brain, intestine, kidneys and adrenals. Splenic metastasis in 4T1 model has been described previously (64).

In the group treated only with PDT there was no evidence of metastases in any of the splenic tissue (Figure 5A). In addition, the histopathological appearance of spleens of mice treated with PDT showed that spleens had almost entirely normal architecture with no change in the ratio of red pulp to white pulp and no activated cell expansion (Figure 5A). Some specimens did demonstrate expansion of the red pulp, with increased populations of megakaryocytes and atypical cells, but this was much less than seen in the control group mice. In contrast, all control mice showed evidence of infiltration by neutrophils, T lymphocytes and macrophages of splenic tissue with depletion of B cells, and disruption of normal splenic architecture (Figure 5B). This included increase in the red pulp with simultaneous reduction in the white pulp and expansion of blast-like cells. The control mice showed evidence of metastatic deposits within the spleen in 20% of mice. Splenic metastasis in the control group is shown in Figures 5C, D.




Figure 5 | Histopathology assessment of the spleen tissue from mice treated with PDT compared to untreated group. (A) Spleen from PDT treated mice showing intact architecture and normal ratio of red and white pulp; the red arrow shows the extent and normal architecture of the red pulp in the spleen; the blue arrow denotes the white pulp region (x40 magnification). (B) Spleen from control untreated 4T1 mice showing abnormal splenic architecture and depletion of white pulp with no recognizable regions. The black arrow denotes giant atypical cells found in the inter-follicular medullary region of the spleen (x40 magnification). (C) Spleen from control untreated 4T1 mice showing a metastatic tumour deposit (red outline) measuring 7mm. This invades into the peri-splenic soft tissue forming a mass that lies between the spleen and pancreas (P) (x4 magnification). (D) High power view of a selected area (black square in C) of the spleen from control untreated 4T1 mice showing the pleomorphic tumour spindle cells invading the adjacent lymphoid tissue of the spleen (x40 magnification).



Mice treated with 5-ADC alone did not show evidence of metastatic deposits in any of the organs sampled but there were increased blast cells and a reduction in white pulp with red pulp expansion in all specimens. This was present in greater proportion than in the mice treated only with PDT, but less than seen in controls. However, unlike control mice there was no disruption of splenic architecture. Mice treated with 5-ADC followed by PDT demonstrated normal splenic tissue with no evidence of metastatic deposits and an intact splenic architecture. The white pulp was preserved with minimal activated immune cell infiltrate in some specimens. The liver specimens from these mice were either entirely normal or showed sparse lymphocytes and blast cell aggregates or mild fatty infiltration of the liver (Figure 6). The liver specimens of all the mice treated with PDT alone were entirely normal in architecture with no evidence of metastases.




Figure 6 | Histopathology of livers from treated and untreated TNBC mice. (A, B) Control mice livers containing immune blast forms (blue arrows) with marked infiltration disrupting normal architecture. (C) PDT only treated mice livers showing sparse mainly small lymphocyte clusters. (D) PDT with 5-ADC treated mice livers showing mild steatosis with sparse small lymphocyte clusters (black arrows).



In the liver, immune blasts were either present as an aggregate (Figure 6A - blue arrows) or as interspersed cells that occupied the sinusoids (Figure 6B - blue arrows). Livers of mice treated with PDT alone showed sparse groups of small lymphocytes (Figure 6C) while those treated with 5-ADC alone or with PDT showing small lymphocyte clusters (Figure 6D) and mild hepatocyte steatosis manifested as cytoplasmic micro-vesiculation (Figure 6D inset). Similarly, in the liver specimens of control mice there was extensive disruption of normal liver architecture with immune cell infiltration throughout. Specifically, lymphoid infiltration was seen as well as blast-like nests with focal infiltration into the liver sinusoids. There was evidence of extralobular and intra-lobular necrosis, with apoptosis of hepatocytes and disintegration of lobules. In addition, peri-portal oedema was also a feature. Two of the ten control mice lungs contained metastatic tumour deposits, the larger was 0.4mm (Figure 7A). The remaining specimens showed variable lymphocytic infiltration that included rare single large blast cells (Figure 7B). No other abnormality was detected. One of the nine PDT alone-treated mice had a single metastatic deposit in the lung which was morphological identical to that seen in control mice and with no necrosis. The maximum dimension was also 0.4mm (Figure 7C). The remaining lung samples taken from 5-ADC alone and verteporfin-PDT/5-ADC treated mice were either entirely normal or contained sparse groups of small lymphocytes (Figure 7D). For all the other mice, there were no metastatic deposits or evidence of extensive cellular infiltration in the lungs of control mice in this study. The alveolar structure remained intact with small nests of large activated lymphoid cells resembling primitive blast cells immune cells seen within them. The distribution and frequency of metastasis in the 41T mice is presented in Supplementary Table 3.




Figure 7 | Histopathology of lungs from treated and untreated TNBC mice. (A) Control mice lungs showing metastasis (red outline). (B) Control mice lungs showing activated lymphocytes (blue arrows). (C) PDT only mice lungs showing metastatic deposits in the lung (red outline) which was morphologically identical to that seen in control mice and with no necrosis. (D) PDT with 5-ADC lungs were entirely normal or with sparse lymphocytic clusters (black arrow).






3.5 In vivo combination therapy of verteporfin-PDT and 5-ADC result in higher expression of splenic CD4+ and CD8+ T cells in 4T1 breast cancer mice

PDT was shown to control distant metastases by possibly inducing anti-tumour immune response. As mentioned above, cell death induced by PDT is accompanied by the release and/or exposure of damage-associated molecular patterns (DAMPs) by the dying cells which causes recruitment of antigen presenting cells (APC) to the site of cellular injury to eliminate photo-damaged tumour cells by phagocytosis. Subsequently, the recruited immune cells present antigen-derived peptides in association with major histocompatibility complex (MHC) molecules to T lymphocytes which results in activation of CD4+ T helper cells, CD8+ cytotoxic T cells as well as B cells and hence the initiation of an adaptive immunity eventually allowing the control of distant metastases (15–22). Thus, the splenic tissue of control and treated mice was examined to determine presence of CD4+ and CD8+ T-cells using histopathology and flow cytometry analyses. Flow cytometry of splenocytes also showed increased populations of CD4+ and CD8+ T cell populations in experimental groups in comparison to controls (Figure 8).




Figure 8 | Flow cytometry analysis of splenic tissue of mice treated with verteporfin-PDT and/or 5-ADC. Flow cytometry analysis of (A) CD4+ and (B) CD8+ T cell populations in each experimental group. The results indicate that PDT treated groups had increase in their population of both CD4+ and CD8+ T cells compared to control mice and those treated 5-ADC alone.



Flow cytometry analysis, using multivariate analysis with ANOVA followed by Bonferroni post-hoc analysis demonstrated significant increase in the expression of CD4+ (p< 0.05) and CD8+ (p< 0.01) in verteporfin-PDT/5-ADC treated mice compared to control (Figure 8). In addition, the flow cytometry analysis showed that PDT or 5-ADC only treated groups compared to control had significant increase in CD8+ (p< 0.01) but not CD4+ (p > 0.05). There was no significant difference between the control and verteporfin alone in the CD4+ group. The distribution of distant metastatic deposits in treated and untreated mice is summarized in Supplementary Table 3. The overall frequency of metastasis in untreated mice was 4/10 (40%), whereas only 1/26 (4%) mice who received treatment developed metastasis.




3.6 Digital pathology analyses show higher expression of splenic CD8+ in all treatment groups and CD4+ with PDT and 5-ADC combination therapy group compared to control in TNBC 4T1 mice

The histopathology of the CD8+ and CD4+ staining was examined using digital pathology analysis of FFPE slides stained with CD4 and CD8 antibodies. The area of the spleen was carefully delineated using the surrounding circumference of the tissue (Supplementary Figure 3) and the percentage positivity of the staining was determined using the “IHC profiler” plugin within ImageJ software (Supplementary Table 2).

Digital pathology analysis of CD8+ and CD4+ staining showed that neither CD8+ nor CD4+ had high positivity and that CD8+ had more significant low positivity (p< 0.001) in 5-ADC, verteporfin-PDT and verteporfin-PDT/5-ADC treatment compared to control whereas CD4+ had low positivity (p< 0.001) in the verteporfin-PDT/5-ADC compared to control mice (Supplementary Table 2 and Figure 9). The digital pathology analysis validated the flow cytometry analysis (Figure 8) for both the CD4+ and CD8+ groups.




Figure 9 | Quantitative percentage of positive staining of (A) CD4+ and (B) CD8+ using digital pathology. p<0.001 (***).






3.7 Bioinformatics and in silico analysis identifies key anti-tumour immune microenvironment response biomarkers related to TNBC

Bioinformatics analysis using the bc-GenExMiner tool (http://bcgenex.ico.unicancer.fr) identified 8 tumour immune microenvironment biomarkers related to human TNBC patients. Interestingly, BCL2 and BCL3 showed lower expression in TNBC compared to non-TNBC whereas all the other 6 biomarkers, CCL2, CCL4, CCL5, CXCL1, GZMA, and PRF1, showed higher expression in TNBC (Figure 10).




Figure 10 | Significantly differentially expressed biomarkers in TNBC compared to non-TNBC subtypes. The differential expression of the genes are as follows: (A) BCL2, (B) BCL3, (C) CCL2, (D) CCL4, (E) CCL5, (F) CXCL1, (G) GZMA, and (H) PRF1.



In addition, analysis using the STRING database software showed that the immune response biomarkers form a core connecting the 6 biomarkers with CCL5 being the central hub with BCL2 as well as BCL3 independent of that core, despite the fact that they are differential expressed between TNBC and non-TNBC (Supplementary Figure 4).




3.8 In vivo combination therapy of verteporfin-PDT and 5-ADC on 4T1 orthotopic mouse breast cancer model result in anti-tumour immune response

Investigation of whether combination of PDT with the immunomodulatory agent 5-ADC enhances the anti-tumour immune response compared to monotherapy in mice was carried out by investigating the expression of the anti-tumour immune response genes using qRT-PCR.

Immuno-competent mice were inoculated with 4T1 cells then treated or not with verteporfin-PDT alone (n=9); 5-ADC alone (6.25mg/Kg) (n=8); or 5-ADC (6.25mg/Kg) followed 48h later with verteporfin-PDT (n=9). Verteporfin-PDT was delivered at light dose 50J with 50mW power setting following intravenous PS delivery 15 minutes earlier. Relative gene expression of anti-tumour immune response markers was measured by qRT-PCR. GAPDH was used as internal housekeeping gene. Data are presented as the expression fold change of the mean of three independent experiments performed in duplicates.

qRT-PCR data from breast tissue show that the NF-kB inhibitor, BCL3, have higher expression in breast tissue from verteporfin-PDT and 5-ADC however they are slightly lower in verteporfin-PDT/5-ADC treated mice compared to control (untreated) mice. All other genes except CXCL1 show decreased expression in treated compared to control (untreated) 4T1 mice (Table 4 and Figure 4). Data from spleen show similar trend to breast between the untreated tumour and treated tissue, however the exception is that with the exception for PRF1 all other genes show higher expression in the verteporfin-PDT with BCL3 and CXCL1 showing the highest similar to that seen in breast tissue. For 5-ADC and verteporfin-PDT/ADC there is decrease but the values are relatively close to the untreated samples (Table 5 and Figure 11).




Figure 11 | Effects of the combination of verteporfin-PDT and 5-ADC on the expression of anti-tumour immune response biomarkers in the spleen tissue of murine 4T1 TNBC model.




Table 4 | Expression fold change of immune response biomarkers from breast tissue of treated compared to control (untreated) TNBC 4T1 mice.




Table 5 | Expression fold change of immune response biomarkers from spleen tissue of treated compared to control (untreated) TNBC 4T1 mice.







4 Discussion

Photodynamic Therapy (PDT) is currently used for the treatment of various solid tumours. Results from our pilot study of women with breast cancer showed that verteporfin-PDT was effective and well-tolerated (25). There is growing evidence that PDT can elicit an immune response which could enhance its long-term curative efficacy (68). In this experimental study, PDT was assessed in vitro and in vivo using a 4T1 mouse model in combination with 5-aza-2’-deoxycytidine (5-ADC). Following in vivo treatment, tumours were excised, and the extent of necrotic damage was assessed semi-quantitatively using histopathology. Combination treatment of 5-ADC/PDT was assessed to determine if there was synergistic effect present. Apoptotic markers, western blotting techniques and gene expression analysis were used to investigate cell death, immune activation, and cytotoxic effects. For in vivo studies mice were sacrificed 5 days after treatment with PDT. Histopathology analysis, digital pathology and immunohistochemistry of treated tumours and distant sites were assessed. Flow cytometry of splenic and breast tissue was used to identify T cell populations. Analysis of breast and splenic tissue to determine the extent of expression of genes associated with immune activation. 5-ADC/PDT therapy showed synergy compared to mono-therapy and was significantly more cytotoxic. The results showed that verteporfin-PDT in combination with 5-ADC exerts a synergistic cytotoxic effect on 4T1 cells irrespective of the dose of light. In addition, in vivo treatment with PDT alone and combined therapy demonstrated defined margins of necrosis locally, elevated T cell populations in the spleen with absence of metastases or distant tissue destruction.

As a therapy for human breast cancer, it is likely that verteporfin-PDT would be used in tandem with adjuvant chemotherapy. Thus, the in vivo combination therapy of verteporfin-PDT with a cytotoxic agent is a useful translational study. The rationale to use high dose 5-ADC was based on in vitro observations of reduction of cell viability at high dose as well as its synergistic effects with verteporfin-PDT presented in this study for the first time in the 4T1 triple negative breast cancer mouse model. Adjuvant chemotherapy typically produces a variable extent of central necrosis with some areas more responsive than others depending on the degree of intra-tumoural heterogeneity present in the cancer. Verteporfin-PDT alone or in combination with 5-ADC caused confluent necrosis at the treatment site with clear margins significantly important to achieving oncological clearance and allowing future comparison with surgical excision. In addition, distant effects observed in the spleen by histopathology and digital pathology correlated with flow cytometry observations of splenocytes following verteporfin-PDT treatment. Furthermore, the increased CD4+ and CD8+ populations in the spleen, observed by flow cytometry and confirmed by digital pathology, correlated with increased BCL3 and reduced BCL2 expression locally suggesting activation of host immune response possibly via the NF-κB pathway. These findings suggest immune-mediated effects in distant organs are controlled at the treatment site demonstrating a link between the histopathology (macro level) and molecular (micro level) events. Suppression of some myeloid cytokines at the treatment site appears to affect distant organs, as no clear evidence of PDT treatment related alteration of gene expression occurred at these sites.

FACS analysis indicated significant incremental increases in CD8 expression along the 5-ADC alone, PDT alone and 5-ADC/PDT sequence compared to untreated mice. Similar analysis indicated increase trend in CD4 expression along the untreated, 5-ADC alone, PDT alone and 5-ADC/PDT sequence. In addition, using digital pathology, CD4 showed significant differences in positivity between 5-ADC/PDT and untreated mice only whereas CD8 showed significant differences across all types of treatments compared to untreated tissue. This clearly shows that adaptive immune response is activated via T cell activation during PDT and 5-ADC/PDT treatments. Functional experiments using the 4T1 cells treated with 5-ADC and in combination of 5-ADC/PDT showed that there is decrease survival as shown by the MTT assays with increase in apoptosis as shown by increase in cleaved caspase-3 expression. Interestingly, there is a decrease in the expression of Dnmt1 with 5-ADC alone, PDT, and 5-ADC/PDT suggesting epigenetic disruption associated with tumourigenesis (33, 57). In addition, the YES-associated protein (YAP), which is a transcriptional coactivator in the Hippo tumour suppressor pathway and is overexpressed in many tumors, showed an increase in expression in PDT and 5-ADC/PDT groups treated with 1 J cm-2 but an inhibition of YAP with 2.5 J cm-2 at the evaluated time point. The increase in YAP expression observed only when using 1 J cm-2 light dose instead of 2.5 J cm-2 highlights the importance of using optimal PDT treatment parameters to minimise therapeutic resistance. A better inhibition of YAP was achieved by using a lower verteporfin concentration (0.15 μM versus 0.25 μM) and a higher light dose (2.5 J cm-2 versus 1 J cm-2). As previously reported by Wang et al. verteporfin-PDT induced sequestration of YAP in the cytoplasm which is key as nuclear YAP promotes proliferation and EMT potential (Figures 2A, B). This can decrease the metastatic potential of 4T1 cells as observed in in vivo experiments. This agrees with results by Rashidian et al. showing that YAP inhibition decreased lung metastasis ability in a breast cancer mouse model.

The 4T1 murine model can be difficult to use as an investigative tool for novel treatments, since the rate of tumour growth is unpredictable (47, 69, 70). Because of the aggressive nature of 41T TNBC cells and our observation that control mouse initially died suddenly without significant deterioration 14 days after inoculation, we determined that the biologically relevant response or endpoint relevant to in vivo part of the study was the development of acute tumour necrosis. Based on this, the animals were sacrificed 5 days after PDT. At this time, the area of necrosis would still be within the inflammatory phase, before a significant degree of healing by fibrosis would have taken place. A reduction in tumour size was, thus, not expected. Low dose 5-ADC has been associated with increased immune stimulation while high dose produces cytotoxicity in tumours in the clinical setting (32). The results of treatment with repeated low dose 5-ADC in combination with PDT in vivo have been modest for 4T1 tumours with 50% regression or prolonged survival compared to controls (28, 31, 71). In other types of tumours, complete regression has been achieved with the same treatment (31, 71). Investigation of adaptive immunity has demonstrated that it may be transferred to untreated mice, then able to resist tumour growth after inoculation. It is not clear if this applied to the 4T1 mouse model (72).

Single high dose application of 5-ADC, used as a point of comparison for the immune-mediated activity of PDT, demonstrated PDT treatment alone exerted comparable if not superior T cell activation to this cytotoxic agent with comparable activation of host immunity and suppression of 4T1 cell activated myeloid cytokines. Combination therapy of PDT with 5-ADC in vivo provides circumstantial evidence that there is a possible improved host immune response with combination therapy. BCL3 mediated repression of transcription is associated with the development and activation of immune cells (73). BCL2 on the other hand is recognized as an anti-apoptotic molecule, noted to be upregulated in tumour cells (74). Expression of some genes specific to the 4T1 cell line associated with over-expression of myeloid chemokines, leading to immune-suppression appear to be attenuated by both 5-ADC and PDT and in combination treatment in the breast. Not all genetic biomarkers associated with myeloid over-activity identified by DuPré et al. (50) in the 4T1 TNBC cell line were supressed by PDT, however combination therapy of 5-ADC with PDT suppressed most of the genetic biomarkers associated with myeloid over-activity. This may explain why PDT mono therapy has been less successful in the 4T1 model compared to other in vivo models.

Molecular analysis using quantitative real-time PCR (qRT-PCR) for 4T1 mice, showed that the expression of anti-apoptotic BCL2 was attenuated with the NF-kB inhibitor, BCL3, demonstrating increased expression in PDT treated mice indicative of immuno-protective effect. BCL2 had high expression in untreated 4T1 cells but its expression decreased to basal levels with any of the 5-ADC, PDT or 5-ADC/PDT treatments. This indicates that there is probably an increase in apoptosis with the different types of treatments. Interestingly, BCL3 expression show an inverse relationship with BCL2 expression. BCL3 expression in the untreated group showed low expression but increasing with 5-ADC alone and PDT alone indicating the initiation of inflammatory response via NF-κB pathway activation. However, BCL3 expression in 5-ADC with PDT is similar to that in untreated 4T1. Taken together, this could indicate the activation of NF-κB pathway leading to a shift in the downstream transcriptomic profile to increase apoptosis and anti-tumour immune response. This was confirmed by increased expression of different NF-κB inducible immune response genes including GZMA, PRF1, CCL2, CCL4, CCL5, and CXCL1 which also showed similar expression increases in human TNBC patient compared to non-TNBC. Interestingly, the expression of the toxins granzyme A (GZMA) and Perforin 1 (PRF1), secreted by effector cytotoxic T cells and natural killer (NK) cells, were recently shown to be linked to intra-tumoural immune cytolytic activity (75). qRT-PCR results in 4T1 murine breast tissue showed that Granzyme A (GZMA) expression increases gradually along the PDT, 5-ADC, and 5-ADC/PDT sequence indicating T cytotoxic response. However, in untreated cells GZMA expression is higher, probably due to the continuous T cytotoxic response to the tumour cells.

CCL2, also known as monocyte chemoattractant protein 1 (MCP-1), is thought to be an important chemokine for the recruitment of macrophages to the tumour microenvironment (76). In the untreated 4T1 cells, it is higher compared to treated due to the need to respond and contain the tumour as shown by the recent studies linking CD4+ to CCL2 (77). CCL5 (or RANTES) is released by activated T lymphocytes and monocytes/macrophages. CCL2 and its receptor, CCR5, are shown to be involved in cancer cell proliferation, metastasis, and the formation of an immunosuppressive microenvironment (78). The results show a decrease in the level of CCL2 with 5-ADC and 5-ADC with PDT in correlation with tumour depletion. CCL4, also known as macrophage inflammatory protein-1β (MIP-1β), is a chemokine with specificity for CCR5 receptor. It is expressed by natural killer (NK) cells, macrophages, monocytes and a variety of other immune cells. The results show similar response to treatments as that for CCL5.

CXCL1 has a potentially similar role to IL-8. After binding to its receptor CXCR2, CXCL1 activates many pathways implicated in breast cancer including phosphatidylinositol-4,5-bisphosphate 3-kinase-γ (PI3Kγ)/Akt, MAP kinases such as ERK1/ERK2 or phospholipase-β (PLCβ) signaling pathways. CXCL1 is expressed at higher levels during inflammatory responses thus contributing to the process of inflammation (79). CXCL1 has a role in angiogenesis and arteriogenesis and thus has been shown to act in the process of tumour progression (80). Interestingly, the results show large increase in CXCL1 expression with PDT treatment but low expression with the 5-ADC/PDT combination therapy indicating that perhaps with PDT treatment the tumour cells undergo intra-cellular heterogeneity leading to increase in tumour cells, however with combination therapy tumour cell formation is suppressed. In addition, the expression of the anti-tumour response genes in the splenic tissue shows similar pattern to that in the breast tissue however with increase of the expression of the panel of genes in spleen compared to breast tissue. This could be due to the fact that the spleen provides a unique environment combining innate and adaptive immune systems, which can facilitate immediate innate reaction to microbial infection, but also an adaptive immune response that involves the interaction of cells that recognize a particular antigen, implicating MHC molecules presented by antigen-presenting cells. The difference in the breast and spleen environment may explain the differences in the quantitative gene expression values. However, the trend of gene expression is similar with both breast and spleen tissue. Taken together, the study shows that PDT induces anti-tumour immune response with seems to be strongest when treating the TNBC 4T1 mice with combination therapy of PDT with 5-ADC.

The morphological examination using histological data confirmed the molecular data by showing that untreated 4T1 mice exhibited abnormal splenic architecture and depletion of the while pulp, whereas spleen from treated mice show intact architecture with normal ratio of red and white pulp. There was no evidence of metastasis in 25/26 treated mice (one had lung metastasis), even though 40% of control mice showed metastatic TNBC in the lung and liver. This suggest that activation of the immune response via mono therapy with 5-ADC, PDT or 5-ADC/PDT may have activated the immune surveillance mechanism slowing down or preventing metastasis. In addition, PDT enhanced cytotoxic effects of 5-ADC with anti-tumour immune response in vivo warrants further investigation on the mechanism involved in the interaction between PDT and 5-ADC on breast cancer cells.

Whilst this study illustrates the importance of immune response with PDT treatment, it has a few limitations. The main limitation is that the study uses 4T1 mice. Having said that, the 4T1 mammary carcinoma has several characteristics that makes it a suitable experimental animal model to study triple negative breast cancer, these include; 4T1 is a transplantable tumor cell line that is highly tumorigenic and invasive and, unlike most other tumor models, can spontaneously metastasize from the primary tumor in the mammary gland to multiple distant sites including lymph nodes, blood, liver, lung, brain, and bone. In addition, we validated the findings of the mouse model with human samples using in silico analysis and showed parallels in the immune response between mouse and human model. Thus, this study ensured that although it might be difficult to find another cell line that have similar properties to 4T1, all the findings have been validated using different techniques and cross referenced with findings from TNBC human patients.

Additional challenges include the fact that studying the effect of combination therapy on immune response, occurs quickly after the end of the PDT treatment and hence many mice were sacrificed at a short-term period (less than 1 week after the end of the treatment). Thus, direct effects on tumour volume, damage to the tumour tissue as well as other parameters could not be evaluated as these require long-term studies. However, due to the aggressive nature of the TNBC model, long-term studies are difficult to avoid metastasis and suffering of control untreated mice or relapse on monotherapy treated mice. Therefore, future research will focus on evaluating changes at the transcriptome level in tumour tissue together with an optimisation of the combinatorial treatment to study if even a better efficacy can be achieved, re-challenging the mice with a second tumour to evaluate immune activation to destroy the tumour cells.

In conclusion, the data from this study constitute the first molecular evidence that PDT is an effective treatment for TNBC. The results also indicate that verteporfin-PDT should be used in sequential treatment with 5-ADC to optimize its efficacy for TNBC therapy. The results also show that some of the immune response genetic biomarkers can be used to monitor the effectiveness of PDT treatment in a TNBC murine model which requires validation in human subjects.
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Variable Active immune Active stroma Mixedtype  P-

(192) @17) (235) test
Subtype MS!

status (%)

MSI-H 2421.8) 4(58) 18(127) 0028
MSI-L 15 (13.6) 9(13.0) 22(216)

MSS 70 (63.6) 56(81.2) 67(65.7)

Not evaluable 109 0(0.0) 0(0.0)

Sex (%)

Ferale 92 (47.9) 99 (45.8) 108(46.4)  0.909
Male 100 (52.1) 117 (54.2) 125 (563.6)

Tumor stage (%)

Not reported 5(2.6) 9(42) 6(26) 0001
Stage | 50 (26.0) 30(13.9) 31(133)

Stage I 73(38.0) 66(30.6) 98 (42.1)

Stage Il 47 (24.5) 71(32.9) 65(27.9)

Stage IV 17 8.9) 40 (18.5) 33(14.2)

CMS subtype (%)

cMs1 53 (30.8) 13(6.3) 39 (18.1) <0.001
cMs2 51(20.7) 60(29.1) 81@37.7)

cMs3 56 (32.6) 14(68) 26 (12.1)

cMs4 12(7.0) 19(67.8)  69(32.1)

Age at diagnosis 71.00 67.00 68.00 0020
(median (IGR]) (62.00,78.00] [57.00,74.25] [59.00,77.50] non-norm
BMI 27.13 27.10 2673 0901
(median [IGR]) [23.87,30.67) (24.08,30.99] [23.63,32.26] non-norm

Summary of the distribution of ciinical characteristics among TME subtypes in the TCGA-
COADREAD cohort. Numbers in the bracket placed immediately after the TME subtypes
represent the absolute number of each group; numbers in other brackets represent
the relative percentage distribution. For continuous variables, the median value with its
interquartie range is shown. Fisher's test and the Kruskal-Wells test were applied for
categorical variables and continuous variables, respectively.
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PatientID Age (range) Gender Site

GIST140
GIST165
GIST138
GIST142
GIST136
GIsT12

GIST168

GISTOS

GIST16

GIsT26

AWOD, alive without disease.
DNFD, dead not for disease.

41-45
51-55
71-75
66-70
76-80
66-70
56-60

66-70

61-65

46-50

mmzzmzm

NA

NA

Stomach
Stomach
Stomach
Stomach
Stomach
Stomach
Stomach

Stomach

Stomach

Stomach

15
12

45
NA
55

NA

NA

Size (cm) Mitotic

count (HPF)

3/50
2/50
8/50
5/50
6/50
NA

4/50

4/50

NA

NA

Risk
classification

High
Intermediate
High

Very low
Intermediiate
NA
Intermediate

Low

NA

NA

Disease
status.

Localized
Localized
Localized
Localized
Localized
Localized
Localized

Localized

Localized

Localized

Last
follow up

AWOD
AWOD
AWOD
AWOD
DNFD
NA
AWOD

AWOD

NA

NA

Tumor tissue
type

Fresh
Fresh
Fresh
Fresh
Fresh
Fresh
Fresh

Fresh

Fresh

Fresh

Molecular analysis

D842
D842Y

D842V

D842V

D842V

Exon 18 KG46E

Exon
12¢.1698_1712del15
(p.S566_ES71>R)
Exon 12 del 16117-20
COCG + ins 16124 TC
+ del 16124-30
GGACATG

Exon 18 del
DIMH842-845

Exon 12V561D
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Author ®e) Cancer TNM- Sample Method Main results Multivariant analysis for the independence

location stage size of Immunoscore

Pages etal. (15) Golon Il 2681 IHC for CD3 plus CD8 either in CT 1. The risk of recurrence at 5 years: 8% (high score group) vs. Immunoscore: A prognostic factor in prediction

cancer andinIM 19% (intermediate score group) vs. 32% (low score group) of DFS and OS independent of the
parameters”

Miecniketal. (19)  CRC Il 599 IHC for CD45RO, CD8, CD3, and 1. Patients with low density of CD8* T cells in their tumors have  Immunoscore: A prognostic factor in predition
GZMB in tumor higher risk of relapse than those with high density of CD8* T of DFS, DSS, and OS independent of the

cells. parameters®
2. CD8* T cells density in tumors inversely correlates with T-stage.

Pagés etal. (18) CRC  HI 29 PCR for genes related tomemory T, 1. Tumors with high densities of CD45RO* cells show higher Both Immunoscore and bowel perforation are
©D8 cytotoxic T, Thi and Th2 expressions of genes encoding CD8, GZMA, GZMK, perforin,  independent prognostic factor in prediction of
orientation, inflammation, Tbet, IFN-y, IL12, and IL-18 than those with low density of DFS, DSS, and OS
immunosuppression, and GD45RO* cells
angiogenesis 2. Tumors with high densities of CD45RO* cells show lower

expressions of genes associated with inflammation, Th2
orientation, and angiogenesis.
602 IHC for CD8 plus CD45RO either in 1. Patients with high densities of CD8* and/or CD45RO* cells in
CTorinIM their tumors have significantly prolonged DFS and OS.

Galon et al. (17) CRC IV 7% Microarray analysis for genes 1. High expressions of genes encoding genes encoding T-bet, Immunoscore: A prognostic factor in prediction
encoding T-bet, IRF-1, IFN-y, CD3e, IRF-1, IFN-y, CD3e, CD8, granulysin, and GZMB inversely of DFS and OS independent of the
CD8, granulysin, and GZMB correlates with tumor recurrence. parameters®

415 IHC for CD3, CD8 plus CD45RO 1. Patients with high densities of CD3*,GD8* or CD45RO*
either in CT or in IM memory T cells in their tumors have significantly prolonged DFS
and 0S.

Pages etal. (16) CRC IV 7% PCR for mRNA encoding CD8, Tbet, 1. Tumors without VELIPI show higher levels of mRNA encoding  Patients with high density of CD45RO* cells in
IRF-1, IFN-y, granulysin and GZMB mRNA encoding CD8, T-bet, IRF-1, IFN-y, granulysin and their tumors have improved DFS and OS than

GZMB than those with VELIPI. those with low density of CD45RO* cells
39 Flow-cytometry for CD8*CD45RO* T 1. Tumors without VELIPI show higher amount of
cells in tumor GD8*CDASRO* T cells than those with VELIPI.
415 IHC for CD45RO in tumor 1. High density of CD4SRO* cells in tumor correlates with
absence of VELIPI and early TNM-stage.

Van den Eynde mCGRC IV 603 IHCfor CD3, CD8, CD4SRO, FOXP3, 1. Patients receiving preoperative systemic therapies present their  The DFS of a mCRG patient s highly

etal. (12) ©D20 and PD-L1 in tumor metastases rather than primary tumors with higher densities of  associated with the metastases with least
CD3*, CD8*, and CD4SRO* cells in IM than those without Immunoscore (CD3 plus CD8) or least T-B
treatment. score (CD8 plus CD20)

2. Preoperative chemotherapy plus anti-EGFR s apt to increase
the densities of GD8* cell and PD-1+ cellin IM and CT of
metastases, and FOXP3* cell density in primary tumors.

3. Preoperative chemotherapy plus anti-VEGF therapies is apt to
increase B cell density in primary tumors.

4. The metastases in a CRG patient differ in their Immunoscore.

5. The metastatic lesion bearing least amounts of immune
infiltrates (CD3/CD8/CD20) has the highest risk of relapse in a
mCRC patient.

6. Immunoscore is superior to PD-L1 in reflecting the immune
infilrates of metastases.

Wang et al. (20) CRCLM IV 249 IHCfor CD3plus CD8inIMand CT 1. CRCLM patients with high Immunoscore in their metastatic Immunoscore: A prognostic factor in prediction
tumors have significant improvement in RFS and OS of RFS and OS® independent of the
comparing to those with low Immunoscores after liver surgery. parameters®

Miecniketal. 21)  mCRC IV 441 IHCfor CD3, CD8, CD45RO, CD20 1. The metastatic lesion with the lowest Immunoscore (CD3 plus  Both Immunoscore and T-B score are
and FOXP3 in IMand CT CDB) or T-B score (CD8 plus CD20) determines the DFS and prognostic factors in prediotion of DFS and OS

OS of a mCRC patient. independent of the parameters®

2. Except for CD45RO and FoxP3, the densities of CD3*, CD8*
and CD20* in IM and CT are significantly higher in TRG 1-3
tumors than in TRG 4-5 tumors after preoperative treatment.

Miecniketal. 22) ~ CRC Kl 760 Integrative analysis for gene 1. MSl tumors commonly have higher expressions of genes Immunoscore: A prognostic factor in prediction
expression encoding IFN-y, IL-15, GNLY, CCL3, CCL16, and markers of DSS*, DFS", and OS* independent of the

indicating cytotoxicity, CD8, Th1, Th2, and Tfh. parameter”
2. MS! tumors commonly have higher densities of cytotoxic T cell,
B cell, and macrophage in IM and CT than MSS tumors.

3. MS! tumors commonly possess high frequency of frameshift
mutations, immunoediting, and functional specific anti-tumoral
T cells.

367 IHCforCD8and CD4S RO IMand 1. MSI tumors have high frequency of high Immunoscore than
ot MSS tumors.

2. A subpopulation of MSS tumors can have high Immunoscore.

Miecniketal. 23) ~ CRC IV 314 Genomic profiing 1. M1 tumors show higher frequency of VHL and FBXW7 Either Immunoscore (CD3 plus CD8) or GZMB
deletions than MO tumors. plus PDPN score discriminate OS of CRC

2. M1 tumors significantly downregulate their expressions of patients with or without metastasis
genes participating in T cel activation, costimulation,
proliferation, IFN-y secretion, response to IFN-y, type |
interferon signaling pathway, antigen processing and
presentation via MHC-1I.

524 IHCfor GD3, CD8, CDS7, T-bet, 1. M1 tumors commonly have lower PDPN* lymphatic vessel

CD45RO, CD88, CD1A, GZMB, and
PDPN in IM and CT

APatient age, sex, T-stage, N-stage, MSYMSS, mucinous colloid type, VELIPI, poor differentiation.
Bpatient sex, T-stage, N-stage, total number of lymph nodes, histologic grade, mucinous colloid type, occlusion, bowel perforation.
CT-stage, N-stage, histological gradefdifferentiation.
DPatient age, sex, primary tumor location, T-stage, interval from primary tumor resection to liver metastases, perioperative chemotherapy®, number of metastases® (Sshowing independence in prediction of OS).

Epatient age, T-stage, N-stage, primary tumor location, preoperative treatment (Chemotherapy or plus anti-angiogenic therapy or anti-EGFR therapy), histological grade/iferentiation, metastasis surgery R status (RO or R1), number of

metastases, synchronous, or metechronous metastesis, TRG, RAS status, and two-stage hepatectomy.

N

density than MO tumors.
M1 tumors commonly have lower densities of CD3*, CD8*,
CDST*+, Tbett, CD4SRO*, GZMB*, CDE8* than MO tumors.

FPatient sex, T-stage, N-stage, histological grade, VELIPI*, Mucinous colloid type, tumor occlusion, tumor perforation and MS| status (showing independence in prediction of DSS and DFS; showing independence in prediction

of0S).

CRCLM, colorectal cancer liver metastasis; CT, center region of tumor; mCRC, metastatic colorectal cancer; DFS, disease-free survival; DSS, disease-specific survival; RFS, relapse-free survival; OS, overall survival; IHC,
immunohistochemical staining technology; IM, invasive margin of tumor; PCR, polymerase chain reaction technology; TRG, tumor remission grade; VELIPI, venous emboli and lymphatic and perineural invasion.
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Tumor-associated
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TNM
stage 1

19, 19)

109,19

NM

NM

452

NM

Immunopotent Immunosuppression Immunotherapy

VlAdvantage)

VlAdvantage)

V(Advantage)

VlAdvantage)

NM

NM

V(Pitfal)

V(Pitfal)

NM

V(Pitfal)

J(Pital)

1Pros in anti-PD-(L)1

2Pros in anti-PD-(L)1

2Pros in anti-CTLA4

“4Pros in anti-PD-(L)1

5Pros in anti-PD-(L)1

5Pros in anti-PD-(L)1

"Pros in anti-PD-(L)1

Main effects

Cytotoxicity: Perforin, Fas ligand, TNF-a,, GZMA/GZMB (37)
Favorable prognosis: Oytolytic activty + — Favorable prognosis (38)
1Critical responder to immune-checkpoint inhibitors

Tumoriidal function: IFN-y-mediated type-1 immune response (39, 40)
Favorable prognosis: Tumoral Thi density and IFN-y + — Favorable
provnosis (9, 19)

2Critical responder to immune-checkpoint inhibitors

Advantage: Tumoral density of Treg 1 Patient survival 4(4 1-45)

Pitfall: Tumoral density of Tregt — Poor tumor differentiation and more
lymph node involvement (46)

Apoptotic Treg cels are efficient in downregulating IFN-y, TNF-a and
IL-2 by tumoricidal T cells (47).

3IL-10 induces CTLA-4 upregulation in Treg cells (45)
Advantage: Tumoral densities of cytotoxic T and B cells 1 — Patient
survival (12, 21)

Pittall: #PD-L1 by Breg cells elicits T cell exhaustion (49)
IL-35-producing B cells recruit MDSCs (50)

Tumoricidal function: Cytotoxicity and IFN-y production (51)

SBut NK cells are prone to exhaustion upon gut carcinogenesis
with a phenotype of upregulation of PD-1 (51)

Advantage: CD103+ myeloid DCs — CD4+ or CD8* T cel
activation (53)

Pittall: Plasmacytoid DCs — Treg cellinduction (54)

VEGF, PGE2, TGF-, IL-10, IDO — DC maturation |, MHC-l and
co-stimulatory molecules), — poor T cell activation (53-55)
Smmature DCs induce T cell exhaustion by PD-L1, Tim3, LAGS,
1DO, IL-10 and TGF-f (53-55)

Advantage: Density of CD68* M-like TAMs in primary tumort —
Patient survival 1(56-58)

Pitfall: M2-like TAMs promote metastatic tumor progression by
producing IL-35, IL-10, TGF-p, VEGF, and CCL2 (59-66)

7M2-like TAMs attract CD4* or CD8* T cells to cluster around
them (67), thus eliciting T cell exhaustion by using PD-L1 (65)
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Parameters Training cohort (n = 43) Validation cohort (n = 43) Total cohort (n = 86)

Highrisk  Lowrisk  x2 P Highrisk  Lowrisk  x2 P Highrisk  Lowrisk  x* P
Age (y) 0352 0553 0011 0916 0047 0829
<14 13 12 7 7 19 20
>14 11 7 14 15 24 23
Gender 0266 0.206 0011 0916 0047 0828
Male 12 8 14 14 24 25
Female 12 11 7 8 19 18
Race 0687 1000 0386 1000
White 15 16 8 12 22 29 0618 0904
Asian 1 1 2 3 3 4
Black 2 1 2 2 4 3
Metastasis 1063 0302 3376 0066 5103 0.024
Positive 7 3 8 3 15 6
Negative 17 16 13 19 28 37
Progression 121 0271 0009 0753 1260 026
Positive 7 1 3 4 10 5
Negative 3 2 9 9 11 12

The bold value means statistically significant.
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Parameters Number Ratio (%)

Age (y)

<16 52 50.1

>16 36 409
Gender

Male 51 580

Female 37 420
Race

White 52 591

Asian 7 80

Black 7 80

Unknown 22 249
Metastasis

Positive 22 25

Negative 66 75
Progression

Positive 15 17.0

Negative 24 273

Unknown 49 557
Survival status

Alive 57 64.8

Death 29 330

Unknown 2 22
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Type  Symbol Univariate cox regression analysis LASSO

HR 95% ClI P Coefficient
IncRNAs SNHG12 2.024 1.213-3.376 0.007 0.953
AL391421.1 1553  1.134-2.127  0.006 0.116
AC117402.1 0775 0.679-0.885 0.000 -0.279
IL10RB-AS1 0.421 0.282-0.630 0.000 -1.01
AL390038.1 1.352 1.037-1.762 0.026 0.031
AC083900.1 1.845 1.349-2.524 0.000 0.277
LINCO1980 0.739 0.509-0.912 0.005 -0.239
RUSC1-AS1 2.501 1.462-4.280 0.001 0.267
AC025822.1 1.405 1.118-1.765 0.004 0.057
AL133410.1 1646  1.297-2.088  0.000 0.106
AL360182.2 1.442 1.180-1.763 0.000 0.150
AL5Q0764.1 0604  0.459-0.796  0.000 —-0.052
mRNAs  IL7 0715 0.580-0.881 0.002 -0.032
SOCs1 0.682 0.437-0.775 0.000 —0.487

TMPRSS6 0579 0.400-0.838 0.004 —0.203
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Name

RECIST

RECIST 1.1

irRECIST

TGRa

TGKa

Kato et al.
criteria

LoRusso et al.
criteria

Cancer Applications

types

Solid tumors  Tumor
therapeutics

Solid tumors  Tumor
therapeutics

Solid tumors  Antitumor
immunotherapy

Solid tumors  PD-1/PD-L1
inhibitors

R/MHNSCC  PD-1/PD-L1
inhibitors

Multiple types ~ Immunotherapy

of solid agents

tumors

Multiple types ~ ICls.

of solid

tumors

Definition

PD

PD

iPD

HPD

HPD

HPD

HPD, >3
criteria

Criteria

>20% increase in size

=20% increase in the sum of
diameters of target lesions
(new lesions are also
considered progression)
>25% increase in tumor
burden, repeatable

TGRy 22

TGKg =2

® TTF < 2 months; @ 50%
increase in tumor burden; ®
>2-fold change in progression
rate

®TTF < 2 months; @ 50%
increase in tumor lesions; @ >
2 new lesions; ® spread of
disease; ® clinical deterioration
by ECOG

Advantages

More accurate assessments
for treatment response than
before

Improvement in imension
assessments; newer imaging
technologies; new lesions are
considered

Specific for immunotherapy

First introduced HPD definition

Pseudoprogression and HPD
can be distinguished; simpler
caleulation

Less time for HPD recognition

Applicable for first-ine
treatment with ICls

Disadvantages

HPD undefined

HPD undefined

HPD undefined

Pre-[Cl treatments
details are
necessary;
reference period is
limited

Pre-[Cl treatments
details are
necessary

Ginical status
changes are
ignored

Higher false
positive

Reference
(vear)

(12) (2001)

(11) (2009

(13) (2009)

(16) (2017)

(17)(2017)

(18) (2017)

(19) (2019)

PD, progressive disease; R/M HNSCC, recurrent/metastatic head and neck squamous cell carcinoma; TGKag, ratio of the rate of tumor growth on ICI treatment to that before ICI treatment.
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Drug

Anti-PD-1 or PD-L1
mAbs*

Anti-PD-1 mAbs

Anti-PD-L1 mAbs

Anti-PD-L1 mAbs +
CTLA inhibitor

Anti-PD-1 mAbs +
CTLA inhibitor

OX40 agonist

HPD  Occurrence*
cases

22 9-23%
14 ~11%
5 ~18%
2 ~4%
1 /
1 /

Average
age

63

59

59

25

62

Sex
(male/female)

12/10

9/5

32

2/0

o

1/0

Gene mutations.

/

MDM2 amplification; KIFS8-RET
fusion; CDK4 amplfication; ERBB2
amplification, KRAS amplification,

MDM2 amplification, HER-2
positivity

BRAF VB00E mutation

MDM4 amplification

/, unmentioned in the reference; *, Specific single drug cannot be distinguished by the reference.

Cancer histology

Melanoma, colorectal cancer,
urothelial cancer, ovarian cancer,
cholangial cancer, lung cancer
Gastric cancer, breast cancer,
endometrial cancer, lung cancer,
liver cancer, bladder cancer
Bladder cancer, gastric cancer,
colorectal cancer, esophageal
cancer

Esophageal cancer, iver cancer
Melanoma

Hypopharynx cancer

Reference

(16,17)

(18,21),
(24,26)

(18,20)

(20,26)

©3)

(18)
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No. Study Study
participation

1 Luetal (4) o
2 VYasunagaetal.(26) ©
3 Mortaetal. (5) o
4 Wangetal (21) ©
5 Zhuetal. (27) ©
6  Chenetal.(12) ©
7 Yoshioka et al. (8) ©
8  Enomotoetal.(14) ©
9 Chenetal.(23) o
10 Letal (§) ©
11 Lvetal (28) ©
12 Hatogaietal. (12) ©
13 Jesinghausetal. (13) ©
14 Jiang et al. (22) ©
15 Sugmuraetal (29) o
16 Zhuetal.(27) o
17 Tsuchikawaetal. (10) ©
18 Zhangetal. (11) o
19 Jiangetal. (31) ©

o, low risk of bias; ©, moderate risk of bias;

Study
attrition

Prognostic
factor

©0° 6° 66° &° ° 6O ° o °

® o

Outcome

[CRCRC]

o ®c ®o o @o

[CICIY

Study
con-founding

c@c 0 m@@® - @

®c o

® o

Analysis
and reporting

L I L I S NN N

Total risk
of bias

Low
High
High
Moderate
High
High
Moderate
Moderate
Moderate
High
High
Moderate
Moderate
Moderate
Low
Low
Moderate
Moderate
Moderate
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Subset Outcome Location Study number Case number

TiL+ DFS PA
m

T

os PA
m

T

CD8+ DFS PA
m

PT

os PA
m

T

CcDa+ DFS PT

os PA

T

FOXP3+  OS PA
m

T
CD3+  OS m
T

CD4SRO+ OS PA

HR, hazard ratio; Cl, confidence interval.

PR ORNORENND ®ON NS ND N

448
356
356
631
356
356
353
862
852
979
1,099
1,099
765
636
765
451
347
347
751
626
326

HR(95%C1)

0.630 (0.415-0.955)
0.774 (0.414-1.445)
0.900 (0.700-1.156)
0586 (0.447-0.770)
0.752 (0.377-1.500)
0.860 (0.632-1.170)
1.026 (0.814-1.292)
0.901 (0.678-1.198)
0.949 (0.730-1.233)
0.733 (0.565-0.968)
0.797 (0.660-0.962)
0776 (0.635-0.948)
0.857 (0.463-1.585)
0.726 (0.480-1.097)
0.757 (0.397-1.446)
0.920 (0.489-1.731)
0880 (0.245-3.164)
1.367 (0.884-2.115)
0.678 (0.380-1.208)
0.867 (0.407-1.847)
0.652 (0.273-1.554)

P-Value

0029
0.421
0.409
0.000
0418
0.336
0.830
0.474
0.693
0.028
0.018
0.013
0.623
0.129
0.400
0.796
0.845
0.160
0.187
0712
0.334

Heterogeneity
12,%  P-value
201 0.263
729 0085
616  0.107
00 0462
750 0045
719 0089
0.0 0.534
00 0943
0.0 0.998
628 0020
00 0759
00 0514
00 0630
702 0018
00 069
825 0003
498 0158
00 0933
605 0079
803 0024
741 0050

Begg's test

Z  P-Value
0.000 1.000
0000 1.000
0000 1.000
1020 0308
0000 1.000
0000 1.000
0.000 1.000
1040 0296
1.040 0206
1130  0.260
0730 0.462
0240 0.806
0000 1.000
1020 0308
0000 1.000
0000 1.000
0000 1.000
0000 1.000
1040 0296
0000 1.000
0000 1.000

Egger’s test P-Value
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Subset

TiL+

CD8+
CD4+
FOXP3+
CD3+

Outcome Location Study number

DFS
os

os
os
os
os

PT
PA
PT
PA
PA
PA

PT

[T EE SR SRS NI

Case number

356
259
356
528
318
318
751
626

HR(95%Cl)

0.839 (0.576-1.222)
0.621 (0.439-0.878)
0.793 (0.505-1.245)
0.706 (0.524-0.947)
0.785 (0.552-1.116)
0.776 (0.280-2.151)
0.958 (0.498-1.842)
1.205 (0.860-1.688)

P-Value

0.361
0007
0313
0.020
0177
0626
0.898
0.278

Heterogeneity
12,%  P-value
803 0024
0.0 0618
858 0008
00 0394
00 0978
858 0.008
746 0019
00 0795

Begg's test

Z  P-Value
0.000  1.000
0000  1.000
0000 1.000
0000 1.000
0000 1.000
0000 1.000
0000 1.000
0.000  1.000

Egger's Test P-value
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Setup Cell 4T #TCRp # Clonality*

subset  cells UMIs  clonotypes
sorted

Experimental CD4 11,245 3,710 1,417 0.03
Experimental  CD4 6519 1,737 781 003
Experimental  CD4 10922 6757 1,967 003
Experimental  CD4 8,904 3015 1,280 003
Experimental  CD8 14270 12,708 1,052 024
Experimental ~ CD8 10375 12,597 786 03
Experimental  CD8 22436 29,176 1,483 031
Experimental ~ CD8 14284 17,355 1,030 031
Control cD4 44282 5210 2,174 003
Control cba 25182 17,836 3,691 003
Control cD4 27,891 10852 3,004 004
Control cb4 1802 4106 1,672 004
Control cp8 20794 15361 2,365 021
Control cp8 1802 3109 734 021
Control cD8 14112 13614 1,800 023
Control co8 6,494 3556 693 023

“Clonality metrics [1-Normalzed ShannonWiener ndex] was calculated as in Tumeh et
(10) but after down-sampiing to an equal number of 500 UMHlabeled TCRB cDNA
molecules (39).
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sample

Melanoma LN P1
Melanoma LN P1
Melanoma LN P1
Melanoma LN P1
Colon cancer P2
Colon cancer P2
Colon cancer P2
Colon cancer P2

Tumor section

X1
X2
Y1
Y2
x1
X2
Y1
Y2

Estimated number of

CD19+CD20+CD38" B cells

36,000
36,000
22,000
22,000
12,000
18,000
59,000
140,000

Estimated number of

CD19+CD20-CD38* plasma cells

4,100
4,100
2,200
2,200
10,000
17,000
52,000
130,000

#1GH UMIs
analyzed

144,104
42,724
94,752
60,245
270,372
191,923
189,292
213,809

#1GH CDR3
clonotypes

7,167
4,062
6,966
5,895
19,759
15,069
20,267
23,440
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pvalue

IVL 0.002

CXCL13 <0.001

HRNR 0.042

AP2S1 0.046

Hazard ratio

1.296(1.100-1.526)

0.732(0.613-0.873)

1.5638(1.016-2.329)

2.382(1.016-5.583)

Hazard ratio
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A TCGA cohort for the KEGG analysis

Cytokine-cytokine receptor interacnon-;
Cell adhesion molecules
Primary immunodeficiency {
Viral protein interaction with cytokine and cytokine receptor
Hematopoietic cell lineage {
Neuroactive ligand-receptor interaction
Intestinal immune network for IgA production
Th1 and Th2 cell d\fferenlial\onj‘
Graft-versus-host disease
Type | diabetes mellitus
Allograft rejection {
Chemokine signaling pathway
Th17 cell differentiation
Autoimmune thyroid disease
T cell receptor signaling pathway
Natural killer cell mediated cytotoxicity {
Inflammatory bowel disease 1
Staphylococcus aureus infection {
Viral myocardmsJ
Antigen processing and presentation
Systemic lupus erythematosus |
JAK-STAT signaling pathway
Tyrosine metabolism+
Retinol metabolism+
Taste transducnonJ
Calcium signaling palhwayj‘
African trypanosomiasis 1
Drug metabolism - cytochrome P450
Chemical carcinogenesis {
NF-kappa B signaling pathway {

qualue

00025
00050
00075

@
9
es}
©)
O
o
=
o
=
ok
=
=
=z
]
7~
to
®)
®)
IS
B
=
3
»

Cytokine—cytokine receptor interaction {
Hematopoietic cell lineage 1

Th1 and Th2 cell differentiation 1

Th17 cell differentiation {

Viral protein interaction with cytokine and cytokine receptor+
Allograft rejection

Intestinal immune network for IgA production
Cell adhesion molecules |

Graft-versus-host disease {

Type | diabetes mellitus

Inflammatory bowel disease

Primary immunodeficiency 1

Rheumatoid arthritis |

Chemokine signaling pathway <

Autoimmune thyroid disease 1

Antigen processing and presentation 1

Viral myocarditi

Leishmaniasis |

Epstein-Barr virus infection

T cell receptor signaling pathway 1
Toxoplasmosis 1

Phagosome 1

Asthma+

Influenza A4

Staphylococcus aureus infection |

Systemic lupus erythematosus 1
Tuberculosis 1

NF-kappa B signaling pathway {

PD-L1 expression and PD-1 checkpoint pathway in cancer{
Human T-cell leukemia virus 1 infection {

qualue

1e-0¢
2e-08
3e-08
4e-08
5e-08
6e-05

o
=)
N
S
o
S





OPS/images/fimmu.2021.736030/fimmu-12-736030-g007.jpg
A TCGA cohort for the GO enrichment analysis
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Target molecule Clone Animal Localization Biological function

p2m D8P1H Rb Membrane Antigen presentation

CD3 - (polyclonal) Rb Membrane Pan T cell marker

CD4 1F6/EPR6855 Ms/Rb Membrane Helper T cell marker

CD8 4B11 Ms Membrane CTL marker

CD20 L26 Ms Membrane Pan B cell marker

CDs56 1B6 Ms Membrane NK cell marker

CD163 10D6 Ms Membrane M2 macrophage

FOXP3 2B36AVET/SP97 Ms/Rb Nuclear Treg cell marker
Granzyme B GrB-7 Ms Cytoplasm Cytotoxic granule

HLA class | (A, B, Cw) EMR8-5 Ms Membrane Antigen presentation

HLA class | (B, Cw) HC10 Ms Membrane Antigen presentation

HLA class | (A) HCA2 Ms Membrane Antigen presentation

HLA class Il (DR) TAL 1B5 Ms Membrane Antigen presentation

IDO-1 SP260 Rb Cytoplasm Inducing the immunosuppressive activity of Treg cells
MLH1 ES05 Ms Nuclear DNA mismatch repair protein
MSH2 FE11 Ms Nuclear DNA mismatch repair protein
MSH6 EP49 Rb Nuclear DNA mismatch repair protein
PD-1 EH33/NAT105 Ms/Ms Membrane Activated or exhausted T cell marker
PD-L1 E1L3N//28-8/SP142/SP263/22C3 Rb/Rb/Rb/Rb/Ms Membrane Immune checkpoint molecule
PMS2 EP51 Rb Nuclear DNA mismatch repair protein
Tapasin TO-3 Ms Cytoplasm Required for antigen presentation on HLA class |
TIA-1 TIA-1 Ms Cytoplasm Apoptosis-promoting protein

Antibodiies listed above are used in our laboratory. Detailed protocols are provided by each manufacturer. Ms, mouse; Rb, rabbit; CD, cluster of differentiation; CTL, cytotoxic T-
lymphocyte; NK, natural killer; FOXPS3, forkhead box protein p3; HLA, human leukocyte antigen; IDO-1, Indoleamine 2,3-dioxygenase-1; MLH1, MutL homolog 1; MSH2, MutS homolog 2;
MSH6, MutS homolog 6; PD-1, programmed cell death-1; PD-L1, programmed death-ligand 1; PMS2, postmeiotic segregation increased 2; TIA-1, TIAT cytotoxic granule associated
RNA binding protein.
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METABRIC
rho P-value
0.71 <0.001
0.39 <0.001
0.70 <0.001
0.43 <0.001
0.52 <0.001
0.58 <0.001
0.28 <0.001
-0.08 <0.001
-0.09 <0.001
-0.19 <0.001

rho

0.71
0.65
0.63
0.64
0.48
0.61
0.38
0.12
-0.08
-0.07

TCGA

P-value

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

0.006

0.014
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Type Patients

Age <65 29 (65.9%)
>65 15 (34.1%)
Sex Female 44 (100%)
Subtypes Carcinoma in situ 3 (6.8%)
Invasive ductal carcinoma 29 (65.9%)
Invasive ductal carcinoma with mucinous adenocarcinoma 1(2.3%)
Metastatic carcinoma 1 (25.0%)
Staging 0 3 (6.8%)
1 4(9.1%)
2 10 (22.7%)
3 7 (15.9%)
4 14 (31.8%)
= 6 (13.7%)
T-stage Tis 3 (6.8%)
T 5 (11.4%)
T2 20 (45.5%)
T3 2 (4.5%)
T4 0 (0%)
= 14 (31.8%)
M-stage MO 30 (68.2%)
M1 14 (31.8%)
N-stage NO 11 (25.0%)
N1 6 (13.6%)
N2 4 (9.1%)
N3 3 (6.8%)
= 20 (45.5%)

Tis: High grade dysplasia;
" The staging and T-stage of patients with distal or lymphatic metastases was not identified.
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Age (years)

>=55

<55
Tumor size

>=2 cm

<2cm

Missing
AJCC stage

0

|

]

1]

v

Missing
Tumor Grade

|

I

1l

Missing
ER status

Negative

Positive
PR status

Negative

Positive
HER2 status

Negative

Positive

Total
(n=1,904)

952 (50.0%)
952 (50.0%)

592 (31.1%)
1,292 (67.9%)
20 (1.1%)

4(0.2%)
475 (24.9%)
800 (42.0%)
115 (6.0%)
9 (0.5%)
501 (26.3%)

165 (8.7%)

740 (38.9%)

927 (48.7%)
72 (3.8%)

445 (23.4%)
1,459 (76.6%)

895 (47.0%)
1,009 (53.0%)

1,668 (87.6%)
236 (12.4%)

Expression

LAGS3 high
(n = 952)

511 (563.7%)
441 (46.3%)

268 (28.2%)
673 (70.7%)
11 (1.2%)

1(0.1%)
209 (22.0%)
426 (44.7%)
69 (7.2%)
3(0.3%)
244 (25.6%)

31 (3.3%)
288 (30.3%)
598 (62.8%)

35 (3.7%)

334 (35.1%)
618 (64.9%)

568 (59.7%)
384 (40.3%)

786 (82.6%)
166 (17.4%)

LAG3 low
(n =952

441 (46.3%)
511 (53.7%)

324 (34.0%)
619 (65.0%)
9(0.9%)

3(0.3%)
266 (27.9%)
374 (39.3%)

46 (4.8%)

6 (0.6%)
257 (27.0%)

134 (14.1%)

452 (47.5%)

329 (34.6%)
37 (3.9%)

111 (11.7%)
841 (88.3%)

327 (34.3%)
625 (65.7%)

882 (92.6%)
70 (7.4%)

P-value

<0.001

0.021

0.003

<0.001

<0.001

<0.001

<0.001
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Gene Enriched Category Gene Set Leading-EdgeNum

SKAT Kinase Target Kinase_CDK1 69 0
Kinase_PLK1 30 0
Kinase_CDK2 58 0
Kinase_AURKB 25 0
Kinase_CHEK1 23 0
Transcription Factor Target V$E2F1_Q6 58 0
VSE2F_Q4 47 0
VSE2F_Q6 47 0
V$E2F_Q4_01 45 0
V$E2F_02 50 0
miRNA Target TCTCTCC,MIR-185 54 0
CAGCACTMIR-512-3P 66 0
GTGCAAA MIR-507 42 0
AAGCACAMIR-218 136 0
GTGCCAAMIR-96 99 0
SKA3 Kinase Target Kinase_CDK1 66 0
Kinase_AURKB 31 0
Kinase_PLK1 30 0
Kinase_CDK2 67 0
Kinase_ATR 18 0
Transcription Factor Target V$E2F_Q3_01 44 0
VSE2F1_Q4_01 43 0
V$E2F_Q4_01 44 0
V$E2F1_Q6 58 0
VSE2F_Q6 45 0
miRNA Target GTGCAAA MIR-507 52 0
CTACTGT,MIR-199A 42 0.007
CCTGTGAMIR-513 37 0.009
ATGCTGG,MIR-338 28 0.013
AAGCAAT,MIR-137 59 0.013

LeadingEdgeNum, the number of leading edge genes; FDR, false discovery rate from Benjamini and Hochberg from gene set enrichment analysis (GSEA). V$, the
annotation found in Molecular Signatures Database (MSigDB) for transcription factors (TF).
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Age (years)
>=55
<65

T stage
T1
T2
T3
T4
Missing

N stage
NO
N1
N2
N3
Missing

M stage
MO
M1
Unknown

AJCC stage
|
I
[l
v
Missing

ER status
Negative
Positive
Unknown

PR status
Negative
Positive
Unknown

HER2 status
Negative
Positive
Unknown

Total
(n = 1,090)

517 (47.4%)
573 (52.6%)

279 (25.6%)

631 (57.9%)

137 (12.6%)
40 (3.7%)
3(0.3%)

514 (47.2%)

360 (33.0%)

120 (11.0%)
76 (7.0%)
20 (1.8%)

907 (83.2%)
22 (2.0%)
161 (14.8%)

181 (16.6%)

621 (57.0%)

250 (22.9%)
20 (1.8%)
18 (1.7%)

236 (21.7%)
803 (73.7%)
51 (4.7%)

343 (31.5%)
694 (63.7%)
53 (4.9%)

895 (82.1%)
168 (15.4%)
27 (2.5%)

Expression

LAGS high
(n = 545)

258 (47.3%)
287 (52.7%)

118 (21.7%)

339 (62.2%)

71 (13.0%)
16 (2.9%)
1(0.2%)

256 (47.0%)

172 (31.6%)
67 (12.3%)
44 8.1%)
6(1.1%)

447 (82.0%)
10 (1.8%)
88 (16.1%)

72 (13.2%)

324 (59.4%)

133 (24.4%)
9(1.7%)
7(1.3%)

169 (31.0%)
355 (65.1%)
21 (3.9%)

221 (40.6%)
302 (55.4%)
22 (4.0%)

438 (80.4%)
99 (18.2%)
8 (1.5%)

LAG3 low
(n = 545)

25 (47.5%)
286 (52.5%)

161 (29.5%)

292 (53.6%)

66 (12.1%)
24 (4.4%)
2 (0.4%)

258 (47.3%)
188 (34.5%)
53 (9.7%)
32 (5.9%)
14 (2.6%)

460 (84.4%)
12 (2.2%)
73 (13.4%)

109 (20.0%)
297 (54.5%)
117 (21.5%)
11 (2.0%)
11 (2.0%)

67 (12.3%)
448 (82.2%)
30 (5.5%)

122 (22.4%)
392 (71.9%)
31 (5.7%)

457 (83.9%)
69 (12.7%)
19 (3.5%)

P-value

0.952

0.016

0.114

0.414

0.027

<0.001

<0.001

0.006
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NO.
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10

12
13
14
15
16
17
18
19
20
21

Drugbank ID

DB01624
DB01038
DB00246
DB01238
DB00334
DB01224
DB01403
DB00477
DB00408
DB14185
DB06216
DB00363
DB04946
DB00458
DB00543
DBO1142
DB00321
DB06148
DB09225
DB00502
DB06144

Name

Zuclopenthixol
Carphenazine
Ziprasidone
Avripiprazole
Olanzapine
Quetiapine
Methotrimeprazine
Chlorpromazine
Loxapine
Avripiprazole lauroxil
Asenapine
Clozapine
lloperidone
Imipramine
Amoxapine
Doxepin
Amitriptyline
Mianserin
Zotepine
Haloperidol
Sertindole

Binding

DRD5
DRD5
DRD5\HTR6
DRDS\HTRG
DRD5\HTR6
DRD5\HTR6
DRD5
DRD5\HTR6
DRDS\HTR6
DRD5\HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
HTR6
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Group SKA3 Variables Events/total MST Crude HR (95% CI) Crude P Adjusted HR (95% CI)? Adjusted
(n =145) (days) value P value®

Histologic grade?®

e Low G1 +G2 21/48 607 1 1

f Low G3 14/22 598 1.320 (0.667,2.611) 0.425 1.407 (0.666,2.974) 0.371

g High G1 +G2 35/55 532 1.614 (0.937,2.782) 0.085 1.731(0.944,3.173) 0.076

h High G3 14/20 460 2.791 (1.412,5.517) 0.003 3.393(1.605,7.172) 0.001

Radiation therapy®

\Y Low No 24/48 607 1 1

vi Low Yes 7/16 702 0.799 (0.343,1.861) 0.604 1.138 (0.448,2.891) 0.786

Vil High No 35/47 375 2.268 (1.344,3.827) 0.002 2.094 (1.223,3.585) 0.007

Viii High Yes 10/20 691 0.819 (0.391,1.715) 0.597 1.011 (0.451,2.270) 0.978

Targeted molecular therapy®

E Low No 10/15 467 1 1

F Low Yes 23/49 702 0.826 (0.412,1.654) 0.589 0.254 (0.112,0.574) 0.001

G High No 17/20 160 4.317 (2.069,9.008) < 0.001 2.090 (0.942,4.638) 0.070

H High Yes 30/50 627 1.016 (0.517,1.995) 0.964 0.409 (0.182,0.917) 0.030

Radical resection®

Vv Low Yes 21/43 695 1 1

VI Low No 12/23 592 1.139 (0.578,2.242) 0.707 1.170 (0.527,2.598) 0.700

VI High Yes 25/40 517 1.347 (0.777,2.336) 0.289 0.718 (0.718,2.442) 0.369

VIII High No 22/31 378 3.427 (1.903,6.172) < 0.001 1.702 (1.702,6.433) <0.001

SKAS3, spindle and kinetochore-associated complex subunit 3; MST, median survival time; HR, hazard ratio; Cl, confidence interval.
aAdjusted for radlical resection, radiation therapy, and targeted molecular therapy.

binformation of radiiation therapy was unavailable in 14 patients.
CInformation of targeted molecular therapy was unavailable in 11 patients.

dinformation of radical resection was unavailable in 8 patients. New Pancreatic Cancer Prognostic Biomarkers New Pancreatic Cancer Prognostic Biomarkers.
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NO. Receptors Breast cancer Lung cancer Coupled G protein
1 HTR1B Positive Negative Gi

2 HTR2C Positive Negative Gi

3 HTR3A Positive Negative Gqg

4 HTR3C Positive Negative Gqg

5 HTR6 Positive Negative Gso

6 DRD1 Positive Negative Gso

7 DRD2 Positive Negative Gi

8 DRD3 Positive Negative Gi

9 DRD4 Positive Negative Gi

10 DRD5 Positive Negative Gso

11 ADRA2B Positive Negative Gi

12 CHRM2 Positive Negative Not clear
13 CHRM4 Positive Negative Gi

14 CHRMS5 Positive Negative Not clear
15 CHRNA3 Positive Negative Not clear
16 CHRNB4 Positive Negative Not clear
17 CHRNB1 Positive Negative Not clear
18 CHRNG Positive Negative Not clear
19 CHRNB3 Positive Negative Not clear
20 CHRNAG Positive Negative Not clear
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Group SKA1 Variables Events/total MST Crude HR (95% CI) Crude P Adjusted HR (95% CI)2 Adjusted
(n = 145) (days) value P value?

Histologic grade

a Low G1+G2 20/50 913 1 1

b Low G3 12/22 592 1.413(0.686,2.911) 0.349 2.030 (0.924,4.459) 0.078

c High G1+G2 36/53 532 1.717 (0.991,2.975) 0.054 1.505 (0.828,2.734) 0.180

d High G3 16/20 470 2.459 (1.272,4.753) 0.007 1.759 (0.856,3.618) 0.125

Radiation therapy®

i Low No 23/48 684 1 1

ii Low Yes 7/18 702 0.718 (0.307,1.678) 0.444 1.002 (0.417,2.405) 0.997

iii High No 36/47 381 2.015 (1.192,3.407) 0.009 1.472 (0.848,2.554) 0.170

% High Yes 10/18 691 0.839 (0.398,1.766) 0.644 0.817 (0.354,1.884) 0.636

Targeted molecular therapy®

A Low No 7/11 467 1 1

B Low Yes 25/57 695 0.239 (0.101,0.570) 0.001 0.287 (0.116,0.710) 0.007

C High No 20/24 219 1.512 (0.634,3.604) 0.351 1.659 (0.691,3.979) 0.257

D High Yes 28/42 603 0.290 (0.122,0.691) 0.005 0.329 (0.130,0.831) 0.019

Radical resection®

| Low Yes 21/44 695 | 1

I Low No 10/23 607 1.104 (0.518,2.354) 0.798 0.877 (0.384,2.006) 0.756

Il High Yes 25/39 596 1.156 (0.641,2.084) 0.630 0.791 (0.425,1.469) 0.457

\% High No 24/31 366 2.949 (1.619,6.371) < 0.001 2.440 (1.273,4.679) 0.007

SKA1, spindle and kinetochore-associated complex subunit 1; MST, median survival time; HR, hazard ratio; Cl, confidence interval.

aAdjusted for radlical resection, radiation therapy, targeted molecular therapy.
binformation of radiiation therapy was unavailable in 14 patients.

CInformation of targeted molecular therapy was unavailable in 11 patients.
dinformation of radical resection was unavailable in 8 patients.
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NO. Receptors RFS

1 HTR1A Positive
2 HTR1B Positive
3 HTR1E Positive
4 HTR2A None

5 HTR2B None

6 HTR2C Positive
7 HTR3A Positive
8 HTR3B None

9 HTR3C Positive
10 HTR4 Positive
11 HTR5A Positive
12 HTR6 Positive
13 HTR7 Positive
14 DRD1 Positive
15 DRD2 Positive
16 DRD3 Positive
17 DRD4 Positive
18 DRDS Positive
19 ADRB1 None

20 ADRB2 Positive
21 ADRB3 Positive
22 ADRA1B Positive
23 ADRA1D Positive
24 ADRA2A Positive
25 ADRA2B Positive
26 ADRA2C None

27 CHRM3 None

28 CHRM2 Positive
29 CHRNE Positive
30 CHRM1 None

31 CHRNA7 None

32 CHRND Positive
33 CHRNA1 Positive
34 CHRNB2 None

35 CHRM4 Positive
36 CHRMS Positive
37 CHRNA3 Positive
38 CHRNB4 Positive
39 CHRNB1 Positive
40 CHRNA2 Positive
41 CHRNAS None

42 CHRNG Positive
43 CHRNB3 Positive
44 CHRNAG Positive
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Gene Events/total MST/MRS Crude HR (95% CI) Crude Adjusted HR (95% CI)? Adjusted
(n =145) (days) P value P value?

SKA1

Low 37/72 695 1 1

High 46/73 485 1.711 (1.095,2.671) 0.018 1.656 (1.024,2.677) 0.04

SKA2

Low 39/72 568 1 1

High 44/73 518 1.149 (0.745,1.771) 0.530 0.952 (0.592,1.529) 0.837

SKA3

Low 40/72 598 1 1

High 52/73 485 1.495 (0.968,2.308) 0.069 1.688 (1.040,2.742) 0.034

Group 1

SKAT1W 1 SKAZOW 26/53 695 1 1

Group 2

SKAT'W + SKA3MAh or SKA 1NN 4 SKAGIOW 16/38 598 1.200 (0.641,2.246) 0.568 1.010 (0.482,2.115) 0.980

Group 3

SKAThigh  SKAghigh 41/54 394 1.797 (1.098,2.942) 0.02 1.587 (0.932,2.702) 0.089

Cl, confidence interval; SKA, spindle and kinetochore associated; HR, hazard ratio; MST, median survival time; OS, overall survival.

aAdjusted for radlical resection, radiation therapy, and targeted molecular therapy.
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Variables

Age (years)

<60

>60

Missing

Gender

Female

Male

Missing

TNM stage
Stage |

Stage Il

Stage lll + IV
Missing
Histologic grade
G1/G2

G3

Missing
Radiation therapy
Yes

No

Missing

Targeted molecular therapy
Yes

No

Missing

Alcohol history
No

Yes

Missing

Radical resection
Yes

No

Missing

Events/total (n = 145)

23/42
60/103
0

43/69
40/76

6/12
74/125
3/7
1

56/104
27/41
0

58/94
17/37
14

27/35
52/99
11

29/50
46/83
12

46/83
33/53
9

MST (days)

592
568

570
660

498
592
545

607
485

481
702

239
684

532
598

614
394

HR (95% Cl)

1
1.405 (0.887,2.226)

,
0.784 (0.55,1.118)

1
1.608 (0.813,3.182)
2.333 (1.069,5.090)

1
1.366 (0.966,1.932)

|
2.322 (1.418,3.802)

r
1.489 (1.055,2.1)

1
1.263 (0.794,2.007)

1
1.691 (1.098,2.604)

Log-rank P value

0.406

0.412

0.905

0.164

0.023

< 0.001

0.923

0.009

MST, median survival time; HR, hazard ratio; CI, confidence interval.
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T1/T2
T3
T4
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Negative
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Negative
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Not measurable
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Poor
Others
Primary Site
Head
Tail or body
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No
Yes
ABSOLUTE Purity
DNA Hypermethylation Purity
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Low
High

DNA Methylation Leukocyte Fraction

Immune Enrichment Score

95% Cl, 95% confidence interval; HR, hazard ratio.

Uni-variable

HR (95% ClI for HR)
1.02 (1.01-1.05)

1.00
0.81 (0.52-1.27)

1.00
0.56 (0.33-0.95)

1.00
1.05 (0.33-3.35)

1.00
1.61(0.77-3.36)
1.04 (0.13-8.35)

1.00
1.78 (1.02-3.09)

1.00
1.95 (0.47-8.14)
1.01 (0.64-1.59)
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0.57 (0.14-2.36)

1.00
0.88 (0.48-1.64)
0.14 (0.02-0.99)

1.00
1.04 (0.49-2.20)
2.12 (0.69-6.49)
3.60 (0.65-19.77)

1.00
1.34 (0.85-2.11)
0.37 (0.07-1.92)
0.99 (0.99-1.00)

Bold values denote statistical significance at the P < 0.05 level.

P value

0.036
0.360
0.(;33
0.933

0.208
0.969

0.008

0.362
0.976

0.020
0.435

0.690
0.050

0914
0.191
0.141

0.207
0.237
0.082

Multi-variable

HR (95% CI for HR)

1.03 (1.01-1.05)

0.56 (0.33-0.97)

1.00
1.65 (0.95-2.88)

1.00
1.76 (1.11- 2.8)
0.47 (0.11-2.00)

P value

0.026

0.037

0.078

0.017
0.311
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Gene Symbol Forward Primer sequence Reverse Primer sequence Ampicon Size (bp)  Template gene accession number

185 TGACTCACACGGGAMOC TOGCTOCACCAACTAAGAAC. 14 NR_005265
18 GAGAGTGATIGAGAGTGGACCAC  CACAACCCTCTGCACCCAGTTT 12 NM_001054840
Uset TOCTGOCCTTTCTGTACCTG: GGAGATTGGCTGAGACGTT 108 NM_00#417.4

oXCL2 (GGCAGAMGCTTGTCTCAACCC  CTCCTTCAGGAACAGOCACCAA 127 NM_002089.4
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Univariate Cox regression analysis

Hazard ratio  95% confidence interval  p

oxoL 0884 0757-0987 0081 -0085
F2RL1 0613 0.464-0892 0008 -0081
LTBIR 1212 1.005-1.460 0044 0031
GPRA 0795 0662-0954 0013 0035
ANGPTLS 1692 1226-2.3% 0001 0873
BMP5. 0835 0751-0929 0001 -0051
RETNLB. 0892 0824-0966 0005 -0022
MCIR 1408 1135-1.740 0002 0101
PPARGCTA 0812 0728-0913 0000 -0141
PRKOC 0682 0504-0923 0013 0194
cespB 1564 1006-2.233 0014 0111
SvP. 1196 1019-1.402 0028 0013
FGAB! 0655 0.435-0987 0043 -0.183

LASSO, least absolute shrinkage and selection operator.
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Variables Univariate analysis Multivariate analysis
HR (95% CI) p-value HR (95% Cl) p-value
Training set
Age 0.98 (0.95,1.01) 0.14
Gender 1.01 (0.48,2.14) 0.98
Grade 0.81(0.50,1.32) 0.40
Stage 1.55 (1.06,6.26) 002
T 1.49 (1.04,2.14) 0.03
M 6.66 (1.55,28.58) 0.01
N 2.42(0.33,17.90) 0.390
riskScore 1.52 (1.30,1.78) 9.84E-08 1.61(1.33,1.95) 1.16E-06
Testing set
Age 1.01 (0.99,1.04) 0.35
Gender 0.59 (0.31,1.14) 0.12
Grade 1.20 (0.78,1.86) 0.40
Stage 2.66 (1.83,3.88) 3.46E-07
T 2.50 (1.79,3.50) 9.42E-08
M 2.25(0.31,16.59) 043
N 1.37(0.19,10.04) 0.76
riskScore 1.36 (1.22,1.51) 4.51E-08 1.28 (1.14,1.45) 6.06E-05
External validation set
Age 0.75 (0.29,1.93) 0.55
Gender 1.07 (0.86,4.92) 0.07
Stage 1.67 (1.15,4.25) 0.03 3.02 (1.02,8.90) 0.04
riskScore 451 (2.13,6.37) 0 5.53 (4.13,6.37) 0
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Immune marker Area Risk of high CRP p value

Low, N, % (CI) High, N, % (CI)
CD8+ T cells* M 8, 50 (25-75) % 11, 69 (41-89) % 0.47
TC 13, 81 (54-96) % 6, 38 (15-65) % 0.03
CD4+ T cells** M 9, 56 (30-80) % 10, 63 (35-85) % 1.00
TC 11, 69 (41-89) % 8, 50 (25-75) % 0.47
CD20+ B cells*** M 8, 50 (25-75) % 11, 69 (41-89) % 0.47
TC 11,69 (41-89) % 8, 50 (25-75) % 0.47
CD4_foxp3+ T cells** M 11, 69 (41-89) % 8, 50 (25-75) % 0.47
TC 18, 81 (54-96) % 6, 38 (15-65) % 0.03
CD68+ macrophages** M 8, 44 (22-69) % 18, 72 (47-90) % 0.18
TC 7,39 (17-64) % 14, 78 (52-94) % 0.04
CD66b+ neutrophils** M 7,39 (17-64) % 14, 78 (52-94) % 0.04
TC 5,28 (10-53) % 16, 89 (65-99) % <0.001
PD-L1+** M 12, 67 (41-87) % 9, 50 (26-74) % 0.50
TC 10, 56 (31-78) % 11, 61 (36-83) % 1.00
CD68_PD-L1+ macrophages* M 9, 50 (26-74) % 12, 67 (41-87) % 0.50
TC 10, 56 (31-78) % 11, 61 (36-83) % 1.00

Number, risk (Cl) of CPR = 30. Univariate analysis.

High and low are categorized as above or below the median of individual immune markers.
*Composite score of immune cells in the stroma and directly tumor infiltrating.

*Tumor infiltrating only.

***Stroma only.

IM, invasive margin; TC, tumor center.

Bolded values indicate statistical significant p-values.
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sample
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TGS2019006t

Reads

7,774,266
8,348,147
7,056,479
6,876,207
6,457,010
6,489,392
7,128,505
7,271,661
9,454,086
9,396,446
10,309,795
5,745,140
9,024,787
8,294,235
5,039,652
8,315,552
8,638,782
5,938,924

Diversity Normalized shannon wiener index_mean

45,678
93,321
48518
82,588
10,785
14,204
42,743
80,262
21978
58,368
167,458
10516
82,188
96,738
6,546
30,282
110,681
11372

0.8410
0.9434
0.6990
0.9269
0.8050
0.7681
0.6257
0.9381
0.8322
0.8932
0.9492
0.8539
0.9058
0.9472
0.8367
0.6583
0.9518
0.7884

Inverse simpson index_mean

181.8842
26,535.5560
18.4504
14,861.5995
275.6922
243.7460
20.1434
17,674.2973
7193142
1,746.8823
37,261.2445
756.2792
1,101.2169
26,102.8850
334.0823
69.0650
21,517.9941
371.3874

Mean_cdr3nt_length

451110
44.3714
44.6728
43.3007
44.8601
45.6468
46.1349
47.2510
48.3142
46.3678
48.1579
45.2220
46.3850
47.0410
44,6685
47.2151
46.1019
46.9438

HEC (0.1%) rate

0.001281
0.00007670
0.001142
0.0001045
0.02119
0.01669
0.0008658
0.0001404
0.009202
0.001610
0.00003700
0.01643
0.0003684
0.00007883
0.02516
0.002334
0.00008501
0.02038
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Immune marker

CD8+ T cells

CD4+ T cells

CD20+ B cells*
CD4_foxp3+ T cells
CD68+ macrophages

CD66b+ neutrophils

PD-L1+

CD68_PD-L1+ macrophages

Index

Stroma
Tumor infiltrating
Stroma
Tumor infiltrating
Stroma

Stroma
Tumor infiltrating

Stroma

Stroma
Tumor infiltrating

Stroma
Tumor infiltrating

Stroma
Tumor infiltrating

Area

CRP < 10, MSS

0.74 (0.03-4.60)
0.07 (0.00-0.74)
1.25 (0.10-3.18)
0.25 (0.04-1.09)
0.05 (0.00-0.14)
0.03 (0.00-0.08)
0.33 (0.02-1.06)
0.01 (0.00-0.05)
1.15 (0.56-3.39)
0.47 (0.12-3.31)
0.66 (0.03-2.41)
0.05 (0.00-3.54)
0.03 (0.00-2.30)
0.13 (0.01-1.45)
0.12 (0.00-0.90)
0.28 (0.00-0.90)
0.14 (0.00-4.87)
0.10 (0.00-1.85)
0.07 (0.00-1.30)
0.02 (0.00-0.60)

Immune markers in percent, median (range). p-values were obtained using the Kruskal-Wallis test.

IM, invasive margin; TC, tumor center.

*CD20+ B cells were infitrating the stroma only.
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