

[image: image]





FRONTIERS EBOOK COPYRIGHT STATEMENT

The copyright in the text of individual articles in this ebook is the property of their respective authors or their respective institutions or funders. The copyright in graphics and images within each article may be subject to copyright of other parties. In both cases this is subject to a license granted to Frontiers. 

The compilation of articles constituting this ebook is the property of Frontiers. 

Each article within this ebook, and the ebook itself, are published under the most recent version of the Creative Commons CC-BY licence. The version current at the date of publication of this ebook is CC-BY 4.0. If the CC-BY licence is updated, the licence granted by Frontiers is automatically updated to the new version. 

When exercising any right under the CC-BY licence, Frontiers must be attributed as the original publisher of the article or ebook, as applicable. 

Authors have the responsibility of ensuring that any graphics or other materials which are the property of others may be included in the CC-BY licence, but this should be checked before relying on the CC-BY licence to reproduce those materials. Any copyright notices relating to those materials must be complied with. 

Copyright and source acknowledgement notices may not be removed and must be displayed in any copy, derivative work or partial copy which includes the elements in question. 

All copyright, and all rights therein, are protected by national and international copyright laws. The above represents a summary only. For further information please read Frontiers’ Conditions for Website Use and Copyright Statement, and the applicable CC-BY licence.



ISSN 1664-8714
ISBN 978-2-83251-892-2
DOI 10.3389/978-2-83251-892-2

About Frontiers

Frontiers is more than just an open access publisher of scholarly articles: it is a pioneering approach to the world of academia, radically improving the way scholarly research is managed. The grand vision of Frontiers is a world where all people have an equal opportunity to seek, share and generate knowledge. Frontiers provides immediate and permanent online open access to all its publications, but this alone is not enough to realize our grand goals.

Frontiers journal series

The Frontiers journal series is a multi-tier and interdisciplinary set of open-access, online journals, promising a paradigm shift from the current review, selection and dissemination processes in academic publishing. All Frontiers journals are driven by researchers for researchers; therefore, they constitute a service to the scholarly community. At the same time, the Frontiers journal series operates on a revolutionary invention, the tiered publishing system, initially addressing specific communities of scholars, and gradually climbing up to broader public understanding, thus serving the interests of the lay society, too.

Dedication to quality

Each Frontiers article is a landmark of the highest quality, thanks to genuinely collaborative interactions between authors and review editors, who include some of the world’s best academicians. Research must be certified by peers before entering a stream of knowledge that may eventually reach the public - and shape society; therefore, Frontiers only applies the most rigorous and unbiased reviews. Frontiers revolutionizes research publishing by freely delivering the most outstanding research, evaluated with no bias from both the academic and social point of view. By applying the most advanced information technologies, Frontiers is catapulting scholarly publishing into a new generation.

What are Frontiers Research Topics? 

Frontiers Research Topics are very popular trademarks of the Frontiers journals series: they are collections of at least ten articles, all centered on a particular subject. With their unique mix of varied contributions from Original Research to Review Articles, Frontiers Research Topics unify the most influential researchers, the latest key findings and historical advances in a hot research area.


Find out more on how to host your own Frontiers Research Topic or contribute to one as an author by contacting the Frontiers editorial office: frontiersin.org/about/contact





Immunosenescence in the cancer microenvironment

Topic editors

Elena Ciaglia – University of Salerno, Italy

Giulia Accardi – University of Palermo, Italy

Annibale Alessandro Puca – MultiMedica Holding SpA (IRCCS), Italy

Tamas Fulop – Université de Sherbrooke, Canada

Daniela Cesselli – University of Udine, Italy

Citation

Ciaglia, E., Accardi, G., Puca, A. A., Fulop, T., Cesselli, D., eds. (2023). Immunosenescence in the cancer microenvironment. Lausanne: Frontiers Media SA.  doi: 10.3389/978-2-83251-892-2





Table of Contents




Editorial: Immunosenescence in the cancer microenvironment

Annibale Alessandro Puca and Elena Ciaglia

The Role of the Tumor Microenvironment and Treatment Strategies in Colorectal Cancer

Yaping Chen, Xiao Zheng and Changping Wu

Establishing a Prognostic Signature Based on Epithelial–Mesenchymal Transition-Related Genes for Endometrial Cancer Patients

Jinhui Liu, Guoliang Cui, Shuning Shen, Feng Gao, Hongjun Zhu and Yinghua Xu

Identifying a Novel Defined Pyroptosis-Associated Long Noncoding RNA Signature Contributes to Predicting Prognosis and Tumor Microenvironment of Bladder Cancer

Hongcheng Lu, Jiajin Wu, Linghui Liang, Xinwei Wang and Hongzhou Cai

A Novel m1A-Score Model Correlated With the Immune Microenvironment Predicts Prognosis in Hepatocellular Carcinoma

Mingxing Zhao, Shen Shen and Chen Xue

Characteristics of Prognostic Programmed Cell Death–Related Long Noncoding RNAs Associated With Immune Infiltration and Therapeutic Responses to Colon Cancer

Yan Chen, Yue Zhang, Jiayi Lu, Zhongchen Liu, Shasha Zhao, Mengmei Zhang, Mingzhi Lu, Wen Xu, Fenyong Sun, Qi Wu, Qi Zhong and Zhongqi Cui

Comprehensive Analysis of Senescence Characteristics Defines a Novel Prognostic Signature to Guide Personalized Treatment for Clear Cell Renal Cell Carcinoma

Peng Zhou, Zheng Liu, Henglong Hu, Yuchao Lu, Jun Xiao, Yanan Wang, Yang Xun, Qidong Xia, Chenqian Liu, Jia Hu and Shaogang Wang

Endogenous Retroviruses (ERVs): Does RLR (RIG-I-Like Receptors)-MAVS Pathway Directly Control Senescence and Aging as a Consequence of ERV De-Repression?

Eros Di Giorgio and Luigi E. Xodo

Senescent Tumor Cells in the Peritoneal Carcinomatosis Drive Immunosenescence in the Tumor Microenvironment

Heidi Braumüller, Bernhard Mauerer, Christopher Berlin, Dorothea Plundrich, Patrick Marbach, Pierre Cauchy, Claudia Laessle, Esther Biesel, Philipp Anton Holzner and Rebecca Kesselring

A Four-Cell-Senescence-Regulator-Gene Prognostic Index Verified by Genome-Wide CRISPR Can Depict the Tumor Microenvironment and Guide Clinical Treatment of Bladder Cancer

Jian-Xuan Sun, Chen-Qian Liu, Jin-Zhou Xu, Ye An, Meng-Yao Xu, Xing-Yu Zhong, Na Zeng, Si-Yang Ma, Hao-Dong He, Zong-Biao Zhang, Shao-Gang Wang and Qi-Dong Xia

MS4A6A is a new prognostic biomarker produced by macrophages in glioma patients

Chunyu Zhang, Haitao Liu, Yinqiu Tan, Yang Xu, Yuntao Li, Shiao Tong, Sheng Qiu, Qianxue Chen, Zhongzhou Su, Daofeng Tian, Wei Zhou and Chunlong Zhong

Aging-based molecular classification and score system in ccRCC uncovers distinct prognosis, tumor immunogenicity, and treatment sensitivity

Maoshu Zhu, Chaoqun Huang, Xinhong Wu, Ying Gu, Xiaoxu Hu, Dongna Ma and Weimin Zhong

RNA m5C regulator-mediated modification patterns and the cross-talk between tumor microenvironment infiltration in gastric cancer

Qiang Zhang, Xiangfei Sun, Jianyi Sun, Jiangshen Lu, Xiaodong Gao, Kuntang Shen and Xinyu Qin

Identify the immune characteristics and immunotherapy value of CD93 in the pan-cancer based on the public data sets

Aiyuan Guo, Jingwei Zhang, Yuqiu Tian, Yun Peng, Peng Luo, Jian Zhang, Zaoqu Liu, Wantao Wu, Hao Zhang and Quan Cheng

Single-cell RNA datasets and bulk RNA datasets analysis demonstrated C1Q+ tumor-associated macrophage as a major and antitumor immune cell population in osteosarcoma

Jihao Tu, Duo Wang, XiaoTian Zheng and Bin Liu





EDITORIAL

published: 27 February 2023

doi: 10.3389/fimmu.2023.1161110

[image: image2]


Editorial: Immunosenescence in the cancer microenvironment


Annibale Alessandro Puca 1,2 and Elena Ciaglia 1*


1 Department of Medicine, Surgery and Dentistry “Scuola Medica Salernitana”, University of Salerno, Salerno, Italy, 2 Cardiovascular Research Unit, IRCCS MultiMedica, Milan, Italy




Edited and Reviewed by: 

Enrico Capobianco, Jackson Laboratory, United States

*Correspondence: 

Elena Ciaglia
 eciaglia@unisa.it

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


Received: 07 February 2023

Accepted: 16 February 2023

Published: 27 February 2023

Citation:
Puca AA and Ciaglia E (2023) Editorial: Immunosenescence in the cancer microenvironment. Front. Immunol. 14:1161110. doi: 10.3389/fimmu.2023.1161110



Keywords: senescence, therapy resistance, immune-suppression, aberrant crosstalk, biomarker


Editorial on the Research Topic 


Immunosenescence in the cancer microenvironment


Senescence is thought to be a major barrier to the tumor formation, as it limits the replicative potential of many tumors including melanoma, hepatocellular carcinoma, and medulloblastoma. In glioblastoma, despite the promising therapeutic effect of temozolomide or etoposide, the therapy-induced cancer senescent cells remain metabolically active, and this brings attention to the potential side effects of cancer cell senescence, mainly evasion from therapy-induced senescence and resistance occurrence. Further the spreading of senescence to the neighboring cells, mainly immune cells can both enhance and dampen antitumor response.

Based on these premises, the understanding of senescence signature in cancer microenvironment may be a valuable indicator for patients’ prognosis and therapy response.

The present collection includes original contributions highlighting the role of the cellular senescence and the peculiar immune status in osteosarcoma, peritoneal carcinomatosis, gastric and color cancer, cell renal cell and hepatocellular carcinomas, gliomas and in a set of bladder and endometrial cancers with particular attention to the senescence-based molecular features and the perturbation of the immune profile of the tumor microenvironment (TME).

The selected manuscripts took advantage of the rapid progress in the development of next-generation sequencing (NGS) technologies and in available bioinformatics tools which in recent years are greatly facilitating both the basic science and the clinical approaches by providing many valuable insights into complex cancer genomics.

The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) database were the main source of multi-omics data and clinical informations used by the authors to describe several score models, which are not only a robust prognostic indicator for patients’ prognosis but also provides a new reference basis for personalized treatment selection.

	Based on the widespread application of single-cell RNA sequencing (scRNA-seq) technology Zhang et al. reported that aging-related MS4A6A is overexpressed in glioma tissue at both transcriptional and protein levels, and it is related to the degree of suppressing macrophage infiltration and to the significant decrease in overall survival (OS).

	Through a combination of bulk-sequencing and single-cell sequencing technology, Tu et al. demonstrated that a peculiar subpopulation of tissue-resident macrophages (C1Q+ TAMs), which often expresses CD206, HLA-DR, SEPP1, FOLR2, and APO associated with the overall survival of osteosarcoma patients and that most of the high expression of immune infiltration-related genes links to better survival. As authors stated, this study provided evidence of how immune cells influence prognosis in osteosarcoma and that C1Q+ TAMs can be therapeutic target cells to improve the osteosarcoma treatment.



With the advancement of next-generation sequencing technologies, RNA modifications have gained much attention because they participate in several physiological and pathological processes.

	A comprehensive analysis of RNA sequencing (RNA-seq) data and clinical information using TCGA and GEO databases led Zhao et al. to discover that the RNA methylation, e.g. N1-methyladenosine (m1A) modifications, have a potential role in the prognosis of hepatocellular carcinoma (HCC) as these modifications clearly associated with different overall survival, TNM stage and tumor immune microenvironment (TIME) characteristics, mainly impacting prognosis and therapy response.

	Similarly Zhang et al. assessed the RNA 5-methylcytosine (m5C) modification pattern for individual gastric cancer patients and the association with the degree of immune infiltration and the most favorable prognosis in terms of tumor recurrence and immune checkpoint sensitivity.

	Lu et al. applied a novel modelling algorithm to construct a pyroptosis-related lncRNA signature in the bladder cancer. Long noncoding RNAs (lncRNAs) contribute to regulating immune microenvironment in many diseases and here the authors disclosed that this pyroptosis-related lncRNA risk model possessed good prognostic value, and the ability to predict the outcome of immunotherapy. Mechanism analysis revealed that high risk group was characterized by a higher proportion of M0 macrophages and M2 macrophages than those in the low-risk score group. However, the proportion of CD8+ T cells was significantly lower in the high-risk score group. Patients with lower risk score were characterized by higher immune checkpoint gene expression and Tumor Mutation Burden (TMB) and display a better response to immunotherapy and chemotherapy compared with patients with high-risk score.

	Similarly Chen et al. analyzed the role of Programmed Cell Death-related lncRNAs in the prognosis of colon cancer patients and their correlations with clinicopathological characteristics, the TME, the immune checkpoint genes, TMB and both immunotherapy and chemotherapeutic drug sensitivity, mainly focusing on the biological functions of the lncRNA U62317.4

	Starting from EMT-related genes (ERGs) expression and clinical data from TCGA Liu et al. develop Epithelial-mesenchymal transition (EMT)-related prognostic signature for endometrial cancer patients among which the low-risk group showed more immune activities, higher TMB and better therapy response. On the contrary, the high-risk group had higher m6A RNA expression, microsatellite instability level and stemness indices.

	Interestingly, Zhou et al. by screening RNA-seq data of the TCG-Kidney renal clear cell carcinoma (KIRC) cohort identified senescence subtypes in tumor samples. Using the adaptive lasso regression, they established a senescence score and demonstrated it was negatively correlated with immune infiltration. Furthermore, signatures from different gene expression profiles suggested that the senescence program is closely correlated with CAFs of the tumor stroma, self-limited antitumor immunity, and drug sensitivity. Consequently, a senescence score was applied to predict patients’ prognosis and to properly distinguish anti–PD-1 responders in Clear Cell Renal Cell Carcinoma -ccRCC.

	At the same way, Sun et al. identified a four-cell-senescence-regulator-gene prognostic index in bladder cancer and investigated its relationship with TMB, the immune landscape of TME and response to immunotherapy and chemotherapy.

	A computational approach by Zhu et al. offered for the first time interaction between aging-associated genes in ccRCC and remodeling of the TME, providing a novel insight into the molecular drivers underlying ccRCC initiation and development.



Of note, the special issue also reported the discover of valuable biomarkers such as the predictive value of CD93 in pan-cancer. CD93 is a transmembrane receptor that is mainly expressed on endothelial cells and macrophages and Guo et al. here characterized the association between its mRNA level and immune scores, stromal scores, immune infiltrates, immune checkpoints, and prognosis in most cancer which might suggest to targeting it as a promising therapeutic strategy.

Interestingly in a murine orthotopic transplantation model for peritoneal carcinomatosis (PC), Braumüller et al. showed that the tumor cells senescence in PC is associated with a senescence-associated secretory phenotype (SASP) influencing the tumor microenvironment of PC. SASP factors can induce a senescence phenotype in neighboring cells mainly determing immunosenescence in the TME of PC. According to the focus of our special issue, these results provide a new immunoescape mechanism in PC of colorectal cancer explaining the resistance of PC to known chemo- and immunotherapeutics. Therefore, senolytic approaches may represent a valuable therapeutic opportunity to threat this terminal stage of CRC.

Finally Chen et al. reviewed the latest research progress in the immune microenvironment and strategies related to immunotherapy for colorectal cancer for the proper selection of treatment strategies for CRC patients.

Overall, we hope that all manuscripts enclosed in this Research Topic may be of interest for the readership who constantly look for useful references to optimize cancer prevention, early detection, prognosis as well as therapy.
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Colorectal cancer (CRC) has the second highest mortality rate among all cancers worldwide. Surgery, chemotherapy, radiotherapy, molecular targeting and other treatment methods have significantly prolonged the survival of patients with CRC. Recently, the emergence of tumor immunotherapy represented by immune checkpoint inhibitors (ICIs) has brought new immunotherapy options for the treatment of advanced CRC. As the efficacy of ICIs is closely related to the tumor immune microenvironment (TME), it is necessary to clarify the relationship between the immune microenvironment of CRC and the efficacy of immunotherapy to ensure that the appropriate drugs are selected. We herein review the latest research progress in the immune microenvironment and strategies related to immunotherapy for CRC. We hope that this review helps in the selection of appropriate treatment strategies for CRC patients.
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Introduction

Colorectal cancer (CRC) is a common malignant tumor of the digestive system. Worldwide, CRC ranks third in the incidence rate and second in the mortality rate among malignant tumors (1). The incidence of CRC is related to many factors, such as heredity, a low-fiber diet, smoking, lack of exercise, and obesity. At present, changes in the intestinal microbiome and metabolites are also considered risk factors for CRC (2). Traditionally, the treatment of CRC includes surgery, chemotherapy and radiotherapy. In recent years, along with the continuous research on the embryonic origin, anatomical structure, tumor clinical manifestations and genes of the left and right colon, there have been different targeted therapies for “left and right CRC dispute”, namely, cetuximab and bevacizumab, respectively. Furthermore, the advent of the small molecule anti-vascular oral drug, apatinib mesylate, has diversified the CRC treatment. Nevertheless, the prognosis of CRC depends on the stage of the tumor. The mortality of stage I/II is 8-13%, that of stage III is 11-47%, and that of stage IV is as high as 89% (3). Early detection of tumors and early effective treatment can reduce the mortality of CRC. In addition to the small molecule anti-vascular oral drugs, new therapeutic strategies for the treatment of advanced CRC based on immune checkpoint inhibitors (ICIs) have progressed. Overall, advancements in research on the tumor immune microenvironment (TME) and strategies related to immunotherapy are expected to provide more treatment choices for CRC patients.

CRC is a typical tumor infiltrated by effector memory lymphocytes, yet there have been no major breakthroughs in clinical prognosis and immunotherapy (4). It is essential to elucidate the immune environment of CRC to improve current treatment strategies and prognosis for CRC patients. The TME refers to the environment of tumor cells or tumor stem cells, which is closely related to tumor occurrence, development and metastasis of tumors. In the TME, angiogenesis is induced, and regulatory T cells (Tregs) and myeloid-derived suppressor cells (MDSCs) are recruited, which helps suppress the antitumor immune response and promote tumor progression. Furthermore, cytokines within the TME manipulate immune functions and are involved in muted immune responses that guide tumor progression (5). Therefore, the TME of CRC is an important factor affecting cancer immunotherapy. It is necessary to develop a comprehensive understanding of the TME of CRC and extend this knowledge to current treatment strategies that target dysfunctional components in the TME. This paper reviews the interaction of various components of the CRC microenvironment and related treatment strategies, with the goal of finding more effective treatment methods through a better understanding of the interaction of CRC microenvironment.



The Colorectum Composition and Microenvironment

The colorectum is not only the main digestive organ but also an important immune organ, participating in innate and adaptive immunity. The colorectum includes the intestinal epithelium, intestinal intraepithelial lymphocytes and lamina propria lymphocytes. The intestinal epithelium digests and absorbs nutrients and forms a mucosal barrier, which effectively prevents the invasion of harmful bacteria in the intestine (6, 7). The intestinal epithelium is mainly composed of absorptive columnar epithelial cells, goblet cells and endocrine cells. Goblet cells secrete a variety of mucus proteins to form a mucus barrier to limit the invasion of bacteria into the intestinal mucosa. If the intestinal tract lacks mucus, long-term exposure to the bacterial environment may cause chronic inflammation similar to ulcerative colitis, possibly leading to cancer (8, 9). Intestinal epithelial cells also participate in the immune response. These cells obtain lumen antigens and present them to dendritic cells (DCs) in the intestinal lamina propria, which is called the goblet cell associated antigen channel (gap cells) (10, 11). McDonald et al. found that interfering with the interaction between APCs and intestinal epithelial cells via CCR6- deficiency in mice reduces the transfer of goblet cell products to APCs and induces the mucosal response (12). Goblet cells also regulate the immune response by secreting various cytokines, such as IL25, IL18, IL17, IL15, IL13, IL7 and IL6, as well as the chemokine exotoxins CCL6, CCL9 and CCL20 (10). Therefore, goblet cells play a unique and indispensable role in maintaining intestinal immune homeostasis by interacting with immune cells. Many endocrine cells are distributed in the colon and rectum and act as the sensory sentinels of the intestinal environment and coordinators of mucosal immunity (13). Intestinal endocrine cells can secrete cholecystokinin secretin, somatostatin, and histamine, among others, under the stimulation of chemicals or other molecules. Intestinal endocrine cells are the key receptors of metabolites of intestinal flora. Indeed, endocrine cells recognize pathogen-associated molecular patterns (PAMPs) and release cytokines and peptide hormones, which directly affect the function of the intestinal barrier. In the immune system, peptide hormones such as GLP-1 can regulate the activation of intestinal immune cells (14–16). M cells, also called microfold cells or membranous cells, are located between the lymphoid follicular epithelium and scattered among intestinal mucosal epithelial cells. M cells actively transport a variety of substances, such as soluble antigens and microorganisms, via liquid pinocytosis and receptor-mediated endocytosis. Recently, it was found that M cells play a specialized antigen transport role in the mucosal immune system, transporting antigens from the intestinal cavity to the subepithelial lymphoid tissue, so as to induce an immune mucosal immune response or immune tolerance (17, 18). M cell-dependent antigen uptake is mediated by specific receptors, such as β1 integrin, cellular prion protein and glycoprotein-2 (GP2) (17).

The immune cells involved in colorectal mainly include intestinal intraepithelial lymphocytes (IELs) and lamina propria lymphocytes which play an immunomodulatory role in maintaining colorectal homeostasis. The former cells express a variety of receptors, such as chemokine receptor CCR9 and integrin αEβ7. CCR9 interacts with CCL25 produced by the intestinal epithelial cells to help recruit IELs to the intestinal mucosa. Integrin αEβ7 (αE, also known as CD103) interacts with E-cadherin on intestinal cells to promote entry and retention in the intestinal epithelium (19). Approximately 90% of IELs are T cell receptor (TCR) positive, although a small number are TCR negative (20).

Lamina propria lymphocytes include DCs, intestinal T cells and plasma cells. DCs are antigen-presenting cells that are not evenly distributed in the intestine. CD11c+CD11b-CD103+ DCs are commonly found in the colon of mice, whereas CD11b+CD103+ DCs are commonly found in the small intestine (21). Human intestinal DCs display more complex markers than mouse intestinal DCs. Human CD103+ signal regulatory protein α (SIRPα)- intestinal DCs are associated with mouse intestinal CD11b-CD103+ DCs, whereas human CD103+ SIRPα+ DCs are closely related to mouse intestinal CD103+CD11b+ DCs, which regulate the induction of T cells (22). In recent years, it has been found that DCs and goblet cells can interact and participate in the immune response. CD11c+CD103+ DC subsets present antigens from goblet cells (23). Intestinal T cells include γδ T and αβ T cells. On the one hand, intestinal T cells secrete IFN-γ, TNF-α and other cytokines participating in the immune response against infection and resisting intestinal bacterial immersion. On the other hand, they secrete a variety of factors such as IL-4, IL-5, IL-10, IL-17 and IL-22, to maintain intestinal immune balance. There are also special Treg cells in the intestinal lamina propria that produce IL-10 and TGF-β to negatively regulate the activation of effector T cells and suppress the intestinal inflammation. Plasma cells are distributed in the lamina propria of colorectal tissue and produce different antibodies. In the duodenum/jejunum, 79% of plasma cells express IgA, 18% of plasma cells express IgM and 3% of plasma cells express IgG, while the corresponding numbers in the colon are 90%, 6 and 4%, respectively (24).



TME in CRC

The components of the TME in CRC include tumor cells, blood vessels, the extracellular matrix, fibroblasts, lymphocytes, bone marrow-derived suppressor cells and signaling molecules.


Extracellular Matrix (ECM)

The ECM is composed of glycoprotein, collagen, elastin, proteoglycan and other macromolecules, which support and connect tissues and maintain normal physiological functions (25). Compared with normal tissue, the ECM structure of tumor tissue is disordered, and the process by which the infiltration of fibroblasts/myofibroblasts and the subsequent accumulation of significant amounts of collagenous ECM is observed in the TME is called desmoplasia (26). Desmoplasia is connected with poor prognosis and resistance to therapy (27). Furthermore, an abnormal ECM regulates the epithelial-mesenchymal transition (EMT) and affects cancer progression by directly promoting cell transformation and metastasis (28). Wei et al. found that increasing the stiffness of the surrounding ECM drives the EMT in breast cancer cells by promoting TWIST1 translocalization into the nucleus (29). ECM abnormalities also affect the efficacy of immunotherapy via dense EMC, preventing not only immune cells from reaching the tumor cells but also immunotherapeutic drugs from reaching the tumor. In addition, the shielding diffusion barrier that the ECM forms result in hypoxia, which directly enhances immune escape by upregulating immunomodulatory factors and increasing angiogenic signals (30). In general, ECM abnormalities relieve the behavioral regulation of stromal cells and promote tumor-related angiogenesis and inflammation, resulting in resistance to immunotherapy in the TME (31).

Peptidylarginine deiminase 4 (PAD4) is a member of the PAD family including calcium dependent isozymes (PADs 1-4 and 6) (32). PAD4 overexpression is typically involved in elevated tumor citrullination and hypercitrullination alters cell-matrix adhesion and enhances metastasis (33). Yuzhalin et al. found that citrullination of the ECM and expression of PAD4 promote liver metastasis of human CRC, which may create opportunities for the development of biomarkers and therapeutic targeting (34). Tenascin C (TNC) is a glycoprotein in the extracellular matrix, and plays a role in promoting metastasis, modulating adhesion and motility, developing angiogenesis, and establishing immune tolerance (35). In addition, Murakami et al. reported that the TNC on the CRC interstitial ECM is a factor driving liver metastasis (36), and differences in the expression of ECM-related proteins, such as the upregulated expression of TNC, exist in patients with liver metastasis and CRC recurrence (37).



Angiogenesis

Angiogenesis refers to the production of new blood vessels, while tumor angiogenesis is an endless vicious cycle that cannot be self-regulated. After tumorigenesis, cells proliferate rapidly, and the tumor becomes ischemic and hypoxic. Ischemic and hypoxic cancer cells secrete vascular endothelial growth factor (VEGF), which binds to vascular endothelial growth factor receptors (VEGFRs) on the adjacent vascular endothelium to directly stimulate tumor angiogenesis and promote the migration of endothelial cells (38). The basement membrane cells degrade, and the surrounding vascular endothelial cells proliferate rapidly and migrate to the tumor tissue via angiogenesis. Angiogenesis of tumor tissue is the result of the joint action of cancer cells, various tumor-related cells and their bioactive products, such as cytokines, growth factors and microbubbles. Various immune cells such as macrophages, neutrophils, immature myelocytes, B cells, T cells and peripheral cells interact in tumor angiogenesis (39).

VEGF is the most important growth factor regulating angiogenesis in colon cancer and is expressed in all colon carcinoma surgical specimens, including normal mucosa, primary colon cancers and metastatic tumors, as well as in human colorectal cancer cell lines (40, 41). Colon cancer patients with high VEGF expression had a significantly worse prognosis than those with low VEGF expression (41). Furthermore, VEGF has three receptors on CRC cells. VEGFR-1 is associated with tumor grade, Dukes stage and lymph node involvement, and VEGFR-2 is correlated with lymph node involvement while no correlation with any of the clinicopathological variables was found for VEGFR-3 (42). Witte et al. found that the expression of VEGFR-3 in >25% of colorectal cancer cells was associated with a significantly poorer overall survival, but not with lymph node metastasis or depth of tumor invasion (43). Overall, angiogenesis is an important mechanism for the occurrence and development of CRC. Tumor cells secrete VEGF and promote tumor-related angiogenesis which further promotes proliferation and distant metastasis, seriously affecting the prognosis of tumor patients.



Cancer-Associated Fibroblasts (CAFs)

Fibroblasts are nonepithelial, nonvascular and nonhematopoietic cells in connective tissue that are mainly responsible for the formation of extracellular stroma. Fibroblasts maintain the epithelial homeostasis of normal tissues and play an important role in wound healing. When mechanical injury occurs or radiation, temperature, toxins and pathogens cause acute injury, body cells stimulate the protective system, macrophages produce transformation and growth factor-β (TGF-β) and platelet-derived growth factor (PDGF), and fibroblasts and immune cells proliferate and promote angiogenesis (44). CAFs are important components of the TME and play an essential role in tumorigenesis and development. CAFs have many potential origins, but most are considered to originate from local ancestors (45). Tumor cells are usually derived from fibroblasts in tissues, which are induced and activated by tumor cells in the microenvironment (46–48). CAFs interact with tumor cells to promote tumor growth and maintain their malignant tendency. Tumor cells affect the recruitment of CAF precursors and induce normal fibroblasts to differentiate into CAFs, which secrete a variety of growth factors such as TGF-β, VEGF, chemokines and cytokines, such as CXCL12 (SDF-1), CXCL14, CXCL16, CCL2, CCL5, IL-4, and IL-6, and metalloproteinases, such as MMP-1, MMP-2, MMP-3, MMP-9, MMP-13 and MMP-14. These factors stimulate tumor growth, angiogenesis, invasion and metastasis through a variety of mechanisms, thus affecting tumor prognosis.

Endoglin, which is expressed in CAFs in CRC specimens, metastatic lymph nodes and liver metastases, is a member of the TGF-β family of co-receptors and is involved in CAFs-mediated invasion and metastasis through TGF-β signaling pathway activation (49). Hu et al. found that CAFs can directly secrete exosomes to enhance the cell stemness and epithelial-mesenchymal transformation in CRC cells to promote CRC metastasis and chemotherapy resistance. The mechanism is dependent on increased expression of miR-92a-3p, which directly inhibits Fbxw7 and moap1 and activates Wnt/β-Catenin pathway to inhibit mitochondrial apoptosis and promote stem cell differentiation, the EMT, metastasis and 5-FU/L-OHP resistance in CRC cells (50). According to Heichler et al., CAFs secrete IL-6/IL-11 by activating STAT3 signaling pathway to promote tumor development. Moreover, the expression of pSTAT in CRC correlates with patient survival (51). CAFs are related to resistance in gastrointestinal tumors. The fibroproliferative response induced by CAFs interferes with the delivery of drugs to gastrointestinal cancer cells and causes drug resistance to chemotherapy (52).



Tumor-Associated Macrophages (TAMs)

Macrophages are resident phagocytes in lymphoid and nonlymphoid tissues that participate in steady-state tissue homeostasis by scavenging apoptotic cells and growth factors. Macrophages have a wide range of pathogen recognition receptors, which enable them to effectively phagocytize and induce the production of inflammatory cytokines. It is well known that the TME is rich in macrophages, and TAMs are considered the most abundant immune cell population in solid tumor tissues (53). TAMs are mainly recruited from the periphery by chemokines released from tumor tissues, including CCL2, CCL3, CCL4, CCL5 and CXCL12. These factors bind to corresponding receptors for recruitment of monocytes/macrophages (54). TAMs play an important role in promoting tumor angiogenesis and express a variety of growth factors (such as VEGF, PDGF and bFGF), membrane binding molecules and soluble proteases (including MMPs and cathepsin), inflammatory cytokines (TNF-α, IL-1β, IL-6), cyclooxygenase 2 (COX2) and CXC-chemokine ligand 8 (CXCL8) to promote sustained cell activation and proliferation, promoting ECM remodeling and recruitment and activation of angiogenic cells (55–57).

In CRC, TAMs are enriched in the high incidence site of the epithelial mesenchymal transformation (EMT). TAMs promote the growth and invasion of colon cancer cells through EMT remodeling (58). When HT-29 or HCT116 cells are co-cultured with TAMs (THP-1 cells stimulated by conditioned medium from a CRC cell line), TAM derived IL-6 activates the JAK2/STAT3 pathway, which results in increased FoxQ1 expression, leads to the production of CCL2 and promotes the recruitment of macrophages, thus enhancing the migration and invasion of CRC cells (59). TAMs are the main cells in the tumor EMT (60). TAMs are related to the vascular system of CRC and can be used as markers of angiogenesis-mediated CRC. By studying 76 CRC patients, Marech et al. showed a significant correlation between macrophage infiltration and microvessel density (61). Furthermore, a large total number of TAMs is favorable for the CRC prognosis. Indeed, Nakayama et al. detected high levels of TAMs in patients with a good prognosis (62). Koelzer et al. found that CD68+ TAMs predicted longer OS (63). Similarly, Cavnar et al. reported a significant positive correlation between DFS and CD68+ cells in 188 patients with CRC liver metastasis (64). Compared with the total number of macrophages determined by CD68 markers, the M2-like phenotype of macrophages can better predict the adverse prognosis in CRC. In the study of Wei et al., high-level expression of interstitial CD163 at the front of tumor invasion was significantly correlated with tumor grade, lymphatic vascular invasion, tumor invasion, lymph node metastasis and TNM stage, and was associated with poor recurrence survival rate (RFS), as based on IHC analysis of 81 Chinese CRC patients (59). Yang et al. found that in 81 CRC patients, a high CD163+/CD68+ ratio at the front of tumor invasion (rather than at the tumor stroma) was closely related to enhance lymphatic vascular invasion, tumor invasion, TNM stage, RFS and OS in CRC patients (65).



Myeloid-Derived Suppressor Cells (MDSCs)

Myeloid cells are composed of mononuclear myeloid cells and granulocytes, while mononuclear myeloid cells are mainly composed of monocytes, final differentiated macrophages and DCs. Granulocytes include neutrophils, eosinophils and basophils (66–68). In the early 1980s, these cells were found to be immunosuppressive. Therefore, to unify this group of cells, they were named bone marrow-derived suppressor cells in 2007 (69).

MDSCs interact with the TME, and tumor and stromal cells secrete TGF-β, MMP9, BV8, IL-6, IL-1β, β-FGF and VEFG through autocrine and paracrine mechanisms, mobilizing and expanding MDSCs and further promoting tumor growth (70). The TME can secrete chemokines, cause MDSCs to migrate to the tumor site, inhibit immune function and accelerate tumor progression (71, 72). CCL2 recruits MDSCs to the CRC TME (73), enhancing the immunosuppressive function by inhibiting T cell proliferation and stimulating Treg development (74). In a mouse model, reducing CXCL4 in CRC tumor tissue promoted the recruitment of MDSCs, resulting in an immunosuppressive environment and progression of CRC (75). Ouyang et al. found increased levels of CD33+ CD11b+HLA-DR-MDSCs in primary tumor tissues of CRC patients, which was related to advanced TNM stage and lymph node metastasis. At the same time, it was found that tumor cells induce the expansion of MDSCs through a variety of inflammatory factors. These tumor-derived MDSCs inhibit T cell proliferation and promote tumor cell growth through oxidative metabolism (76).



Tumor-Associated Neutrophils (TANs)

Neutrophils are effector cells of the innate immune system. Unlike macrophages, neutrophils are not antigen-presenting cells but act as killer cells in the blood. Neutrophils are mainly produced in the bone marrow, accounting for 50-70% of human circulating leukocytes, with a half-life of only 5 days; however, they are the only immune cells that can dissolve cells and tissues (77). When the body releases chemokines after infection, neutrophils tend to migrate and recognize pathogens (78). In cancer, tumor cells and TAMs release the chemokines CXCL1/2/3/6/8 and CCL3/5, which induce neutrophils in peripheral blood to enter the TME and polarize into different TANs (79, 80).

A few studies on the relationship between TANs and the survival rate of CRC patients have been conducted (81). Rao et al. found that an increase in neutrophils in tumors is associated with a malignant phenotype and can predict poor prognosis in CRC (82). Galdiero et al. evaluated CRC patients receiving 5-FU chemotherapy and found that a higher TAN concentration was associated with better treatment efficacy. TANs are important immune cell infiltration components in CRC. In fact, evaluating TAN infiltration may help to identify patients who will benefit from 5-FU chemotherapy (83). Berry et al. analyzed the number of neutrophils in CRC tissues. Due to the lack of neutrophil-specific antibodies, neutrophils were counted manually according to their morphology, and high levels of TANs were associated with better overall survival (OS) in patients with stage II CRC (84). Furthermore, the combination of the neutrophil lymphocyte ratio and platelet count is able to predict the future clinical course of CRC (85). A high neutrophil to lymphocyte ratio (NLR) has also been shown to be a poor prognostic factor in CRC patients. Li et al. retrospectively analyzed a cohort of 354 patients with stage I-III CRC and observed a close relationship between dynamic changes in the NLR and the OS rate (86). Additionally, a high NLR has an adverse effect on the OS of CRC patients undergoing radical surgery (87).



Tumor-Infiltrating Lymphocytes (TILs)

Lymphocytes are the main immune cells of tumors, including T, B, NK, and NKT cells, and these subsets can reflect tumor immunotherapy and serve as clinical biomarkers. T cells are the most abundant and characteristic immune cells in the TME and are divided into cytotoxic T cells, helper T cells, inhibitory T cells and NKT cells, in contrast to traditional T cells (88). T cells prevent tumor growth by targeting tumor cells. Tregs are a specific group of CD4+T cells related to the overreaction of immunosuppression, inflammation and allergic diseases (89). In cancers, Tregs are considered to inhibit immunity in most cases, and Treg infiltration is associated with poor prognosis (90–92). Marshall et al. found that Treg cells promote lung cancer metastasis (93). High FoxP3+ Treg infiltration exhibits a significant correlation with shorter OS patients with other solid tumors, including ovarian cancer, gastric cancer, renal cell carcinoma, melanoma, hepatocellular carcinoma, oral squamous cell carcinoma and breast cancer (94–97). However, in some tumors with chronic inflammatory infiltration, the accumulation of Tregs correlates positively with good prognosis. Frey et al. found that patients with mismatch repair deficiency (dMMR) CRC had high-level infiltration of Foxp3+ Tregs, with an increased survival rate (98). According to Hanke et al., high-level infiltration of Foxp3+ Tregs in early lymph node-negative CRC has a good prognosis (99). Vlad et al. also found that an increased Foxp3+ Treg density is associated with improved survival in CRC and is an independent prognostic factor (100). The relationship between Treg infiltration and tumor prognosis seems to be closely related to tumor type. Treg regulation plays the dual or multiple roles in antitumor immunity and the tumor treatment response, maintaining immune homeostasis and preventing autoimmunity (101, 102).

B lymphocytes participate in immune regulation mainly by producing immunoglobulin, presenting antigen secreting cytokines. B lymphocytes produce antibodies in the tumor microenvironment, which promotes tumor development (103, 104). B cells also inhibit tumor growth. Mouse B cells can promote antitumor activity through T cell-mediated immunity, inhibiting tumor development, and CD20-deficient mice show T cell antitumor inhibition (105–107). In malignant melanoma, enhanced patient survival is related to the simultaneous presence of tumor-related CD8+ T cells and CD20+ B cells but not to other clinical features (108). Research on the progression of CRC by B cells is limited, and views are inconsistent. There are differences between the B cell subsets in the peripheral blood, mesenteric lymph nodes and primary tumors of patients with CRC and those of healthy people, and B cells are activated in tumor-related tissues (109). After activation, B cells in patients with CRC differentiate into mature types, resulting in a specific response to tumors. On the other hand, the number of B cells in patients with metastatic CRC (mCRC) is small and the proportion of regulatory B cells is increased, which may be involved in immune escape (110, 111). Nevertheless, Berntsson et al. found that the survival time of CRC patients with B cell infiltration was prolonged (112). Through multiple-regions single-cell sequencing of tumors, normal mucosal tissue, liver metastases, and pairs of noncancerous tissues in CRC patients, a recent study showed that the contradictory effect of B cells on tumors in the past was due to the existence of multiple subtypes of B cells. IgA+IGCL2+ plasma cells are associated with poor prognosis of CRC, whereas highly proliferated GLC2+ plasma cells and circulating B cells are associated with a better prognosis (113).

Natural killer (NK) cells are effector cells of the immune system. When cells are infected or mutated by the virus, the expression of MHC-1 on their surface is lacking or abnormal. NK cells bind to NKG2D interaction ligands through antibody-dependent cell-mediated cytotoxicity (ADCC) or receptors, degranulate and release cytotoxic perforin and granzyme, induce signal transduction, and kill virus-infected cells and tumor cells (114). However, compared with those in adjacent normal tissues, NK cell levels in CRC tissues are low, suggesting that less NK cell infiltration may be one of the mechanisms of TME immune escape (115). The phenotype of peripheral NK cells in CRC patients changes, which promotes tumor progression (116). In CRC patients with curative tumor resection, the expression of NKp44 and NKG2D on circulating NK and NKT cells is increased, suggesting that the primary tumor and TME have an inhibitory effect on the phenotype of NK and NKT cells in CRC (117). In vitro, NK cells can enhance the cytotoxicity of cetuximab and the killing effect on RAS and BRAF mutant CRC cells (118). A phase I clinical trial observed NK cells to be closely related to the therapeutic effect of CRC. Cetuximab was significantly effective in patients with NK cell infiltration, though there was no significant correlation in patients who did not receive cetuximab (119). NK cell therapy has played a key role in hematological diseases and resulted in the use of NK cells in solid tumors. Initial results for chimeric antigen receptor-NK (CAR-NK) in the treatment of CRC patients have been obtained and NKG2D-CAR-modified NK cells showed antitumor effects in mouse models. At the same time, the standard CAR-NK was used in three CRC patients, who reached the safe end point (120). NK cells are also a prognostic factor for CRC recurrence (121).

In addition to NK cells and T cells, there is a special group of cells with the common characteristics of NK and T cells, called NKT cells. NKT cells have CD4+ CD8+ thymocytes, which develop in the thymus and migrate to peripheral organs such as the liver, spleen, lung and intestine (122, 123). Although NKT cells exert cytotoxicity, they mainly secrete a large number of helper T cytokines Th1-, Th2-, Th17-, Treg- or helper follicular cytokine (TFH)-cell related cytokines to play a regulatory role in innate or acquired immunity (124, 125). Type I NKT cells recognize glycosphingolipids α- galactose ceramide or its analogs (126, 127). α-Galactose ceramide (α-galcer) increases NKT expression and PD-1 in combination with α-galce increases the activity of NKT cells, enhances the antitumor response, and significantly reduces the occurrence of small and large intestinal tumors (128). Compared with the normal mucosa, the expression of CD69L and FasL is increased in infiltrating type I NKT cells in CRC tumor tissue, IFN- γ and granzyme B are also increased, and the OS rate of CRC patients with high-level NKT cell infiltration is higher than that of patients with low NKT cell infiltration (129). Intratumoral infiltration of NKT cells can be used as a prognostic factor for CRC.



Exosomes

In the process of tumor cell growth, invasion and metastasis, tumor cells and interstitial fine cells located in the TME can not only secrete various soluble molecules, including cytokines and chemokines, but also release various vesicles. These vesicle structures are extracellular vesicle structures (130) that can be divided into exosomes (20-100 nm), microbubbles (100-1000 nm) and apoptotic bodies (1-5 µm) according to their size. Exosomes are different in size from microbubbles and apoptotic bodies and have specific surface molecular characteristics, such as CD9 and CD63 expression. Exosomes are present in almost all body fluids, including plasma/serum, saliva, breast milk, cerebrospinal fluid, urine and semen (131–141). Exosomes are also distributed in the TME and carry cargo including a variety of proteins, DNA, mRNA, miRNA, long noncoding RNA, and even virus/prion genetic material (142–146). Exosomes play a key role in local and remote intercellular communication in cancer and are an important part of the TME. Almost all kinds of cells in tumors can secrete exosomes, including tumor cells, tumor-associated adipocytes, TAFs, TAMs and vascular endothelial cells. Exosomes can be ingested by recipient cells to participate in intercellular signal exchange (130).

Zeng et al. found that in CRC, cancer-derived exosomal miR-25-3p promotes vascular permeability and angiogenesis by regulating the expression of VEGFR2, ZO-1, occludin and claudin-5 in endothelial cells by targeting KLF2 and KLF4. And miR-25-3p from CRC cells enhances CRC metastasis in the mouse liver and lungs. In addition, the expression of miR-25-3p in circulating exosomes is significantly higher in CRC patients with metastasis than in those without metastasis, and exosomes can be used as blood biomarkers (147). CRC-derived exosomal miR-106b-3p promotes tumor metastasis by downregulating DLC-1 expression (148). Exosomal miR-200c-3p negatively regulates the migration and invasion of CRC stimulated by lipopolysaccharide (LPS) (149). The CRC-derived exosomal circRNA, circPACR can be induced by miR-142-3p/miR-506-3p-TGF-β1 to promote CRC cell proliferation, migration and invasion (150). CAFs are the main components of the TME and promote cancer development through tumor matrix interactions. Bhome et al. compared the exosomes of normal and TAFs in CRC patients and found that CAFs were enriched in microRNAs 329, 181a, 199b, 382, 215 and 21, with microRNA 21 being the most abundant. After establishing the original transplanted tumor model with miR-21-overexpressing fibroblasts, liver metastasis increased (151). Exosomal miR-21 is expressed by stromal fibroblasts and promotes tumor cell metastasis. MiR-21 is involved in the progression of CRC. Exosomes secreted by CAFs are also involved in CRC metastasis and chemoresistance. Hu et al. found that CAFs secrete exosomes, resulting in a significant increase in the level of miR-92a-3p in CRC cells, activating the Wnt/β- catenin pathway and inhibiting mitochondrial apoptosis by directly inhibiting FBXW7 and MOAP1; the effect is to promote stemness, EMT, metastasis and 5-FU/L-OHP resistance in CRC (50). This finding provides an alternative way to predict and treat CRC metastasis and chemoresistance by inhibiting exosomal miR-92a-3p. Exosomes can also be used as diagnostic markers in CRC. Maminezhad et al. detected CRC cell lines and patient serum, and found increased levels of miR19a, miR-20a, miR-150 and let-7a but decreased levels of miR-143 and miR-145, with expression being related to TNM stage (152). Clinically, many miRNAs secreted by exosomes, such as let-7a, miR-1229, miR-1246, miR-150, miR-21, miR-223, and miR-23a have been used as diagnostic and prognostic markers for screening and predicting CRC tumors (153).



Immunosenescence

Immunosenescence is a process of immune dysfunction that tend to cause inflammation and an immunosuppressive microenvironment leading to tumorigenesis and cancer metastasis (154). Senescence might become an obstacle to achieve efficacious immunotherapy in the TME, since senescent cells secret proinflammatory cytokines and growth factors, known as the senescence associated secretory phenotype (SASP), and this secretion has been implicated in both aging and cancer development (155). Giunco et al. found that in elderly CRC patients, senescent CD8 cells, but not CD4, displayed a significant relationship with disease outcome. Furthermore, the CD4/CD8 ratio was a prognostic marker of disease relapse in stage I-III CRC patients (156). In the TME of CRC, immunosenescent cells can influence the therapeutic effect since the majority of CRC patients with microsatellite stability (MSS) do not benefit from current anti-PD-1 therapy. A recent study found that in 18 MSS CRC patients, the number of immunosuppressive/exhausted T-cell phenotypes at tumor lesions were increased and CD8+ CD28- immunosenescent T cells were accumulated according to single-cell mass cytometry analysis. Moreover, the TME of CRC hosts chemokines/cytokines that likely recruit immunosuppressive/exhausted T cell subsets to regulate the immune system (157). It is necessary to comprehensively understand the immunosenescence to help boost the immune response in patients with MSS CRC.




Current Strategies Related to Immunotherapy in CRC


Antiangiogenic Therapy

Bevacizumab, an immunoglobulin G monoclonal antibody against humanized vascular growth factor A, selectively binds to vascular endothelial factor subtype A (VEGF-A), hinders the binding of vascular endothelial growth factor to receptor tyrosine kinases (VEGFR), and initiates signaling to inhibit tumor angiogenesis (158, 159). Bevacizumab has been approved for first-line and second-line treatment of mCRC (160). An Italian randomized, open, multicenter, phase 3 clinical trial (NCT00719797) compared the efficacies of FOLFIRI combined with bevacizumab and FOLFIRI alone, and the median survival time of the FOLFIRI combined with bevacizumab group was greater than that of the FOLFIRI group (29.8 months vs. 25.8 months, HR = 0.80, P = 0.03) (161). Additionally, the combined use of bevacizumab did not significantly increase side effects but did enhance effective PFS and OS (162). The latest study found that bevacizumab combined with capecitabine was also effective as an advanced treatment for previously irinotecan-, oxaliplatin- and fluoropyrimidine-resistant mCRC (163). VEGF plays an important role in the CRC immune microenvironment, which can inhibit DC maturation, reduce T cell tumor infiltration and increase inhibitory cells in the TME (164–167). We found that the level of VEGF was increased in tumors. Moreover, bevacizumab inhibited the VEGF-VEGFR1 binding signal on DCs, NF-κB signaling, and DC cell maturation, prevented the increase in the amount of MHC and other molecules, and suppressed T cell activation. In CRC patients, bevacizumab elevated the number of mature DCs in the peripheral blood (168). Limagne et al. found that the amount pf MDSCs of patients decreased with FOLFOX in combination with bevacizumab, which was related to longer survival (169).

Ramucirumab, a humanized monoclonal antibody, mainly acts on the extracellular region of VEGF receptor 2 and has a beneficial role in gastric cancer, lung cancer and CRC (170–175). In the RAISE trial, after first-line oxaliplatin/fluoropyrimidine chemotherapy combined with bevacizumab for progressed CRC, ramucirumab was added to FOLFIRI, and the OS rate and progression-free survival(PFS) rate of patients were significantly improved (176).

Aflibercept is a monoclonal antibody composed of the extracellular segments of human VEGFR-1 and VEGFR-2 fused with the vascular endothelial growth factor-binding region and human immunoglobulin G1 FC region. Aflibercept β combined with FOLFIRI was approved for second-line treatment of mCRC in 2017 (177). A high-quality double-blind randomized controlled trial (RCT), the VELOUR trial, compared the efficacy of aflibercept plus FOLFIRI with that of placebo plus FOLFIRI, and the median OS, OS and PFS were higher than those in the former group (178). However, aflibercept in elderly patients (> 65 years old) shows a controllable increase in toxicity (179).

In addition to using monoclonal antibodies to inhibit the VEGFA pathway, some small molecule inhibitors have been applied in anti-VEGF therapy, such as regorafenib, sorafenib, sunitinib, pazopanib and axitinib. An international, multicenter, placebo-controlled phase III clinical trial (CORRECT) found that the median survival time of mCRC patients in the regorafenib group was longer than that in the placebo group (6.4 months vs. 5.0 months, HR = 0.77, P = 0.00052) (180). Regorafenib combined with nivolumab also has good applicability for the treatment of MSS chemotherapy-resistant mCRC (181). Sorafenib, a multi-kinase inhibitor that targets serine threonine and tyrosine kinases involved in tumor progression and angiogenesis, including all VEGFRs and PDGFR-β, RET, FLT3 and c-KIT (182), is used to treat advanced renal cell carcinoma, unresectable hepatocellular carcinoma and thyroid cancer (183–186). In CRC, a phase I clinical trial (RESPECT) found that the first-line combined use of sorafenib and oxaliplatin, folic acid and fluorouracil (mFOLFOX6) did not prolong PFS (187). In a multicenter, randomized phase II clinical trial (NEXIRI-2/PRODIGE 27), mCRC patients carrying RAS mutations had a prolonged 2-month no-progression rate and median PFS with the use of sorafenib combined with irinotecan after oxaliplatin, irinotecan, fluoropyrimidines and bevacizumab failed (188). Sunitinib is a small molecule multi-target receptor tyrosine kinase inhibitor. However, for patients with unresectable/advanced mCRC, the first-line combination of sunitinib and FOLFIRI did not lead to significant clinical benefits (189). A randomized, phase III clinical trial found no significant difference in median PFS between sunitinib combined with FOLFIRI and FOLFIRI combined with placebo (190). Fruquintinib, a small molecule selective VEGFR inhibitor independently developed in China, significantly prolonged the median OS of patients after three-line use of fruquintinib compared with that of patients receiving the placebo (9.3 months vs. 6.6 months, HR = 0.65) (191). The major antiangiogenic therapy agents under clinical investigation in CRC are summarized in Table 1.


Table 1 | Summary of antiangiogenic therapy for colorectal cancer (CRC).





Anti-EGFR Therapy

EGFR is a membrane-bound receptor tyrosine kinase protein that activates downstream intracellular signaling pathways, including MAPK (RAS/RAF/MEK/ERK), PI3K/AKT, and JAK/STAT3 signaling, and plays a role in tumor cell growth, proliferation and differentiation (206, 207). EGFR promotes tumor progression when overexpressed. CRC patients exhibit high-level expression of EGFR. Therefore, targeting EGFR and its downstream pathways has become a new strategy for the treatment of CRC (208). Cetuximab is a human/mouse chimeric IgG1 monoclonal antibody that mainly binds to EGFR on the surface of tumor cells and competitively blocks EGFR signaling to inhibit tumor cell proliferation. Cetuximab also inhibits the development of neovascularization by reducing the production of VEGF and activates the human anti- chimeric antibody (HACA) (209). Initial multiple clinical phase II trials found that among EGFR-positive patients, cetuximab combined with irinotecan had a better clinical effect than chemotherapy alone (210–212). Despite no significant difference between the PFS risk ratios and OS rates of mCRC patients receiving cetuximab combined with FOLFIRI and mCRC patients receiving FOLFIRI alone, cetuximab combined with FOLFIRI benefited KRAS wild-type patients (213). KRAS is an effector molecule responsible for signal transduction from ligand-bound EGFR to the nucleus. Activation of KRAS mutations often leads to CRC resistance to the EGFR targeted monoclonal antibodies (214). Therefore, EGFR-positive wild-type KRAS CRC responds to cetuximab (215). The CEBIFOX study found an ORR of 70.3%, a median PFS of 10.9 months (95% CI 9.0-12.9), and an OS of 33.8 months (95% CI 21.4-45.5) for fortnightly use of cetuximab combined with FOLFOX6 in patients with RAS wild-type mCRC (216).

Panitumumab, the first fully humanized IgG2 monoclonal antibody, displays a high affinity for EGFR, and its mechanism of action in CRC treatment is similar to that of cetuximab. Clinical phase II and III trials have shown that panitumumab can significantly prolong the PFS of patients with refractory CRC, with good tolerance (212, 217). In a randomized phase III trial (PRIME), the PFS of patients with wild-type KRAS was prolonged with mCRC first-line use of panitumumab combined with fluorouracil, folic acid and oxaliplatin (FOLFOX4) compared with that of patients receiving FOLFOX4 alone, though there was no significant difference in OS (218). In the randomized, open, phase II VOLFI study (AIO KRK0109), FOLFOXIRI combined with panitumumab was used as the first-line treatment for Ras wild-type mCRC improving the ORR and secondary surgical resection rate (219). In a phase II trial of locally advanced rectal cancer, FOLFOXIRI combined with panitumumab/cetuximab was used as a new adjuvant chemotherapy for patients with wild-type RAS-BRAF rectal cancer, with good clinical efficacy and tolerance (220). The major agents targeting EGFR therapy under clinical investigation in CRC are summarized in Table 2.


Table 2 | Summary of anti-EGFR therapy for colorectal cancer (CRC).





Immune Checkpoint Inhibitors (ICIs)

Immune checkpoints are molecules that express and regulate the activation of immune cells. When the immune response is too strong, the immune checkpoint acts as a key regulator for attenuation (222). However, in cancer, immune checkpoints are highly activated and overexpressed; thus, antigens cannot be presented to T cells, inhibiting their immune function and resulting in malignant cell proliferation and tumor immune escape (223, 224). ICIs restore immune function mainly by targeting and/or blocking immune checkpoint protein ligands on the surface of T cells or other immune cell subsets (225). ICIs constitute a mature monoclonal antibody immunotherapy. The most widely studied immune checkpoint targets are programmed cell death 1 (PD-1) and cytotoxic T -lymphocyte-associated antigen 4 (CTLA-4), which are used for a variety of solid tumors (226–228). There are also studies on the potential role of other checkpoints in tumor immune regulation, such as lymphocyte activation gene-3 (LAG-3), T cell immunoglobulin-3 (Tim-3), T cell immunoglobulin and the ITIM domain (TIGIT) (229–233). CTLA-4 is a transmembrane protein that is mainly expressed on activated T cells and was first cloned in 1987 (234). CTLA-4 binds the B7 molecule to reduce T cell activity and inhibit T cell activation channels, with an immunosuppressive function (235, 236). In 2010, the CTLA-4 inhibitor ipilimumab was demonstrated to improve the long-term prognosis of patients with unresectable malignant melanoma (237). In 2011, ipilimumab became the first ICI approved by the FDA for cancer treatment. PD-1, a new member of the immunoglobulin gene superfamily, is expressed by various immune cells, such as CD4 and CD8 T cells, B cells, macrophages, DCs and tumor-infiltrating lymphocytes (TILs) (238, 239). PD-1 is a negative regulatory molecule that inhibits T cell activation and limits autoimmunity (240, 241). The use of PD-1/PD-L1 pathway inhibitors can restore the function of effector T cells, playing an antitumor role (242). At present, a variety of PD-1 and PD-L1 inhibitors have been approved by the FDA to treat a variety of tumors.

There are currently three PD-1 and CTLA-4 inhibitors approved by the FDA for CRC: pembrolizumab, nivolumab and ipilimumab (Table 3).


Table 3 | FDA approved main agents of immune checkpoint inhibitors (ICIs) for colorectal cancer (CRC).



Pembrolizumab (Keytruda®) is the first PD-1 inhibitor approved by the FDA for metastatic malignant melanoma (252). In recent years, pembrolizumab has been used for non-small-cell lung cancer (253, 254), Hodgkin’s lymphoma (255, 256), HNSCC (257), urothelial carcinoma (258, 259), gastric cancer (260) and CRC (243, 244). The landmark clinical trial NCT01876511 for the treatment of CRC with pembrolizumab is noteworthy. The clinical trial included 11 dMMR CRC patients and 21 pMMR CRC patients and 9 patients with dMMR in other cancers. The immune-related objective response rate and immune-related PFS rate were 40% and 78% in dMMR CRC patients, and 0% and 11% in pMMR CRC patients, respectively. The median PFS and OS in the dMMR group were not achieved, and the median PFS and OS in the pMMR CRC group were 2.2 months and 5.0 months, respectively (HR = 0.1, P < 0.001) (245). Based on these data, pembrolizumab (Keytruda®) was approved to treat unresectable or metastatic dMMR and high microsatellite instability (MSI-H) CRC by the FDA on May 23, 2017 (261). KEYNOTE-164 is a phase II clinical trial for evaluating pembrolizumab in the treatment of refractory, MSI-H/dMMR metastatic CRC. At the end of the trial data, the median follow-up time of group A (previously received ≥ 2-line treatment) was 31.3 months (range of 0.2-35.6 months), the objective response rate was 33% (95% CI, 21% - 46%), and the median PFS was 2.3 months (95% CI, 2.1-8.1 months). The median follow-up time of CRC in group B (previous ≥ 1-line treatment) was 24.2 months (range of 0.1-27.1 months), the objective response rate was 33% (95% CI, 22% - 46%) and the median PFS was 4.1 months (95% CI, 2.1-18.9 months). The incidence of treatment-related grade 3-4 adverse events was 16% in group A and 13% in group B. Thus, pembrolizumab can be safely used in patients with MSI-H/dMMR CRC (244). KEYNOTE-177 (NCT02563002) is a phase III clinical trial in which patients with metastatic MSI-H/dMMR CRC were randomly assigned to the pembrolizumab arm, though patients receiving chemotherapy could switch to pembrolizumab if disease progression occurred. The PFSs of the pembrolizumab and chemotherapy groups were 16.5 months and 8.2 months, respectively (HR = 0.60; 95% CI, 0.45-0.80; P = 0.0002) (243).

Another successful PD-1 inhibitor is nivolumab (Opdivo®). Based on the CheckMate 037 and CheckMate 066 trials, nivolumab has also been approved for the first time to treat unresectable or metastatic melanoma (246, 247). Nivolumab showed a good therapeutic effect in mCRC patients with dMMR/MSI-H. CheckMate 142 (NCT02060188) found that 23/74 patients achieved objective remission, and 68.9% (51/74) of patients received > 12 weeks of disease control; the safety of dMMR/MSI-H mCRC was tolerable (248). Nivolumab was approved on August 1, 2017, for dMMR and MSI-H mCRC. Interestingly, the CTLA inhibitor ipilimumab has also shows a certain therapeutic effect in CRC. Ipilimumab combined with nivolumab as the treatment for dMMR/MSI-H mCRC patients was effective at 9 months in 94% of patients; the PFS rates at 12 months were 76% and 71% for dMMR and MSI-H mCRC patients, respectively, and the OS rates at 12 months were 87% and 85% for dMMR and MSI-H mCRC patients, respectively (249). Moreover, ipilimumab combined with nivolumab did not significantly increase toxicity or side effects (250). Therefore, ipilimumab and nivolumab were approved for dMMR and MSI-H mCRC on July 10, 2018. Furthermore, a recent phase II CheckMate 142 study found that first-line nivolumab plus low-dose ipilimumab had robust and durable clinical benefit and was well tolerated as a first-line treatment for MSI-H/dMMR mCRC patients (251).



Adoptive Cell Therapy (ACT)

Adoptive cell therapy utilizes the immune cells, such as T cells, DCs, NK cells or cytokine-induced killer (CIK) cells, of patients or other donors for tumor patients to achieve anti-tumor effects. ACT for CRC treatment includes TILs, CIK cell therapy and chimeric antigen receptor-modified (CAR) T cell therapy (Table 4). In a clinical study on TILs combined with IL-2 in CRC, patients in the ACT group received TILs extracted from metastatic tumors, as stimulated and amplified with high-dose IL-2, whereas the control group received traditional chemotherapy. Although no significant difference in disease-free survival (DFS) was observed between the two groups after 1, 3 and 5 years, TCRϵ chain expression increased significantly in disease-free patients compared with that in patients with recurrence (P = 0.04), suggesting that TILs play a role in the immune response (262). Sentinel lymph node (SLN)-T cells are also used for ACT in the treatment of CRC. A preliminary study found that after 16 CRC patients were injected with SLN T cells, 4 of 9 patients with stage IV CRC experienced complete remission, with a median survival time of 2.6 years, which was much greater than the median survival time of 0.8 years in the control group (263). In another I/II clinical study of 55 patients with CRC with SLN metastasis, the median OS of the experimental group that received expanded lymphocytes was 28 months, whereas that of the control group was 14 months, and no obvious toxicity or side effects was observed (264).


Table 4 | Summary of adoptive cell therapy (ACT) for colorectal cancer (CRC).



Many clinical trials using TILs or SLN T cells as a treatment for CRC (NCT03610490, NCT03904537, and NCT02980146) are being performed. NK cells have natural cytotoxicity toward tumor cells, with antibody dependent cytotoxicity (ADCC), and can secrete a variety of cytokines and chemokines for an immunomodulatory role. Therefore, NK cells can also be used for adoptive therapy. In a phase I clinical trial, expanded NK cells combined with IgG1 antibody were used to treat patients with gastric cancer or CRC. Among 6 evaluable patients, 4 were in stable condition (SD), and disease progression occurred in two patients (119). As TILs have the limitation of needing to be expanded from a tumor, exogenous T cell receptors (TCRs) have been expressed on cells by genetic engineering technology. Carcinoembryonic antigen (CEA) levels are often elevated in the tissues and serum of patients with gastrointestinal tumors. Therefore, genetically engineered autologous T lymphocytes that express mouse TCR against human CEA have been used for CRC treatment. In a phase I clinical trial, three patients with refractory mCRC were administered TCR targeting CEA, and their serum CEA levels were significantly decreased (74–99%). One patient showed reduced liver and lung metastases, but all three patients experienced severe transient inflammatory colitis (265). CAR-T cells have achieved remarkable results in B-cell leukemia and lymphoma, although the development of solid tumors is lagging (266, 267). A phase I clinical trial of targeted CEA-CAR-T cells for CRC treatment found that 7 of the 10 CEA+ patients were in stable condition after CAR-T cell treatment, with 2 patients maintaining this state for more than 30 weeks, and 2 patients underwent tumor regression (268). Another study on CAR-T cells targeting tumor-associated glycoprotein (TAG)-72 (CART72 cells) in the treatment of mCRC found that a very short duration of CART72 cells in the blood (≤14 weeks), suggesting that CART72 cells have a limited role in mCRC (269). A CAR-NK study targeting NKG2D found that after three mCRC patients received local infusion of CAR-NK cells, ascites production decreased and tumor cells in ascites samples decreased significantly. In addition, the method using RNA to make CAR can enhance the specificity of NK cells to NKG2DL and their tumor cell killing activity (120).

CIK cells treatment is a part of ACT and is induced by mononuclear cells cultured with CD3 monoclonal antibody and cytokines such as IFN-γ, IL-1 and IL-2. CIK cells include activated NKT cells, CD3-/CD56+ NK cells and CD3+/CD56- CTLs. CIK cells have the characteristics of rapid proliferation, strong antitumor activity, wide spectrum and low toxicity. They have been used in the treatment of various solid tumors, such as hepatocellular carcinoma, renal cell carcinoma, gastric cancer, breast cancer, ovarian cancer, non-small-cell lung cancer and nasopharyngeal carcinoma. The efficacy of somatic CIK cells in patients with mCRC was examined in a phase II clinical trial. MCRC patients in the experimental group received chemotherapy combined with CIK cells, whereas the control group received chemotherapy alone. The median OS rates of the experimental and the control groups were 36 months and 16 months, respectively (P < 0.001), and the PFS rates were 16 months and10 months (P = 0.072), respectively. Although there was no significant difference, there was an increasing trend (270). A retrospective study using CIK cells to treat postoperative CRC patients reported a median PFS and median OS in the CIK group of 25.8 months and 41.3 months, respectively, while the median PFS and median OS in the control group were 12.0 months and 30.8 months, respectively (271). Another retrospective study on the efficacy of postoperative adjuvant infusion of CIK cells combined with chemotherapy for CRC observed a significantly longer DFS in the group than in the control group [HR = 0.28, 95% CI (0.09, 0.91), P = 0.034]. The 2-year DFS rates of the CIK group and control group were 59.65 ± 24.80% and 29.35 ± 6.39%, respectively. Moreover, CIK cell infusion was not associated with immediate adverse reactions (272). Dendritic cytokine-induced killer cells (DC-CIK) were observed in the combined first-line treatment of advanced CRC. The 5-year OS rates of the DC-CIK group and non-DC-CIK group were 41.3% and 19.4% (P = 0.001), and the 5-year PFS rates of the DC-CIK group and non-DC-CIK group were 57.4% and 33.6% (P = 0.022), respectively (273). Overall, DC-CIK immunotherapy combined with first-line treatment can significantly prolong the 5-year OS and PFS rates in patients with advanced CRC.



Cancer Vaccine and Oncolytic Virus Therapy

Cancer vaccines are another method of immunotherapy for CRC (Table 5). Tumor cells express tumor-associated antigen (TAA), and by expressing specific tumor antigens, cancer vaccines can stimulate the body to produce a specific immune response. However, the results obtained for vaccines in the treatment of CRC are not consistent. Initially, a prospective randomized controlled clinical trial was conducted in CRC patients, and an autologous tumor cell BCG vaccine that induced active specific immunotherapy (ASI) was used. The study found that there was no statistically significant difference in the survival rate or disease-free survival rate of 80 eligible patients (279). A randomized phase III clinical trial of adjuvant ASI with autologous tumor cell BCG reported no significant difference in DFS and OS rates between the surgical resection plus ASI group and the simple resection group of stage II and III CRC patients (280). In another study of stage II and III CRC patients, despite no clinical benefit of autologous tumor cell BCG immunotherapy for stage III CRC after surgery, the recurrence-free period of autologous tumor cell BCG adjuvant ASI after surgical resection was significantly longer than that of simple resection (P = 0.011), and recurrence-free survival was significantly prolonged (P = 0.032) (281). As antigen-presenting cells, DCs are also often modified to produce vaccines. A randomized trial for CRC patients on the activation of CD40L by DC vaccines in vitro found that 15 of 24 patients had immune induction reactions. The five-year recurrence-free survival rate (RFS) of those who had tumor-specific T cell proliferation or IFN-γ induced by the vaccine that appeared at one week after vaccination was significantly higher than that of patients without a response (63% vs. 18%, P = 0.037) (282). The randomized phase II clinical trial on administering DC vaccines after complete resection of CRC liver metastasis showed a significantly longer median DFS for the vaccine group was than for the observation group (25.6 months vs. 9.53 months) (283).


Table 5 | Summary of cancer vaccine and oncolytic virus therapies for colorectal cancer (CRC).



Guanylcyclase C (GUCY2C), which is selectively expressed by intestinal epithelial cells and some neurons, is almost universally overexpressed in CRC (284). According to a phase I study using the Ad5-GUCY2C-PADRE vaccine in the treatment of stage I or II (pN0) colon cancer (NCT01972737), the vaccine can stimulate the immune response of T cells and has certain safety (285). CEA is overexpressed in CRC and acts as a tumor antigen marker. A phase I/II trial using the Ad5[E1-, e2b-]-CEA (6D) vaccine for advanced CRC reported a median survival time for the 32 patients included in the study of 11 months, and the Ad5 [E1-, e2b -] - CEA (6D) vaccine was well tolerated and induced an immune response (286). In the phase I study of patients with stage III CRC treated with virus-like replicator particle (VRP)-CEA, 12 CRC patients completed standard postoperative adjuvant chemotherapy and received VRP-CEA immunization 4 times every 3 weeks. The 5-year RFS rate was 75% (95% CI 40-91%), and no deaths were observed during the period. After vaccination, levels of CD8+ TEMs increased (10/12), Foxp3+ Tregs decreased (10/12), and specific CEA and IFN-γ produced by CD8+ granzyme B+ TCM cells increased (287).

Several CRC clinical trials of CEA-modified tumor vaccines have been carried out, such as NCT01147965, NCT00529984, and NCT01890213 (274). MUC1 is abnormally expressed in tumors and is also a tumor-associated antigen. DCs and poxvirus vectors act as immune stimulants against tumor antigens. A randomized phase II trial (NCT00103142) compared whether two vaccines based on DCs and pox vectors encoding CEA and MUC1 (PANVAC) can prolong the survival of mCRC patients after resection (275). Seventy-four mCRC patients after resection and perioperative chemotherapy were randomly treated with autologous modified PANVAC with DC (DC/PANVAC) or GM-CSF (granulocyte macrophage colony-stimulating factor) every time. The 2-year RFS rates of the two groups were similar, and the DC and poxvirus vectors had similar activity. As a treatment for mCRC, the modified vaccine Ankara-5T4 and low-dose cyclophosphamide improved the antitumor immune response and prolonged survival, with no safety problems (276). Furthermore, a phase I trial (NCT02179515) was performed to test the safety and tolerability of a modified vaccinia Ankara (MVA)-based vaccine modified to express brachyury and T-cell costimulatory molecules (MVA-Brachyury-TRICOM) in advanced patients including colon cancer patients. Heery et al. found that the MVA-brachyury-TRICOM vaccine directed against a transcription factor known to mediate EMT can be administered safely in patients with advanced cancer and can activate brachyury-specific T cells in vitro and in patients (277). Recently, a phase I dose-escalation trial of Bavarian Nordic (BN)-CV301, which is a recombinant poxviral vaccine targeting MUC-1 and CEA with costimulatory molecules, was conducted to test the safety and immune response of the vaccine. The trial found that the BN-CV301 vaccine was safely administered to patients with advanced cancer (278).

GVAX is a cellular immunotherapy induced by an allogeneic, whole-cell, granulocyte macrophage colony-stimulating factor that can induce the immune response of T cells to TAAs. A phase 2 study (NCT02981524) of the colon GVAX vaccine, cyclophosphamide and pembrolizumab in 17 patients with pMMR advanced CRC was carried out. The median PFS was 82 days (95% CI 48-97 days), and the median OS was 213 days (95% CI 179-441 days) (288). Although GVAX/Cy plus PD-1 did not achieve the main outcome expected in pMMR CRC, biochemical reactions were observed in patients, providing a certain method to cause insensitivity to PD-1 in pMMR CRC, which still needs to be further explored in combination with other drugs. Although there is no cancer vaccine approved for clinical use, a large number of clinical trials are ongoing and are expected to further improve the therapeutic effect on CRC.



Tumor-Derived Exosomes Therapy

Tumor-derived exosomes have a certain potential antigenicity and can induce a strong antitumor immune response (289). Therefore, in addition to being a potential diagnostic marker, some studies have found that these exosomes can play a role as vaccines in CRC. A phase I clinical trial included 40 patients with HLA-A0201+ CEA+ advanced CRC who were randomly treated with AEX (ascites-derived exosomes) or AEX plus GM-CSF, and both methods were safe and tolerable. The patients in the AEX plus GM-CSF group showed a strong tumor-specific anti-tumor cytotoxic T lymphocyte reaction. These data suggest that immunotherapy with AEX plus GM-CSF can be used as an effective vaccine for mCRC patients (290).




Conclusion and Prospects

The TME is a complicated landscape that is not only closely related to the growth and development of CRC but also affects the treatment and prognosis of patients with colorectal cancer. A variety of cytokines, chemokines, matrix enzymes and immunosuppressive cells, such as Tregs and MDSCs, shape the immunosuppressive environment of CRC. Although immunotherapy has achieved good results in malignant melanoma and lung cancer, its results in CRC are still poor. Therefore, it is particularly important to deeply study the TME, reverse or prevent tumor immune resistance and find a better way to treat CRC. At present, research on anti-PD-1 antibodies, adoptive cell immunotherapy, vaccine therapeutics and oncolytic viruses is being carried out. We need to carry out more clinical experiments, find more biomarkers for CRC, and make rational use of the differences in immune typing and genotyping of CRC such that suitable patients can benefit from immunotherapy.
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Backgrounds

Epithelial–mesenchymal transition (EMT) is a sequential process where tumor cells develop from the epithelial state to the mesenchymal state. EMT contributes to various tumor functions including initiation, propagating potential, and resistance to therapy, thus affecting the survival time of patients. The aim of this research is to set up an EMT-related prognostic signature for endometrial cancer (EC).



Methods

EMT-related gene (ERG) expression and clinical data were acquired from The Cancer Genome Atlas (TCGA). The entire set was randomly divided into two sets, one for contributing the risk model (risk score) and the other for validating. Univariate and multivariate Cox proportional hazards regression analyses were applied to the training set to select the prognostic ERGs. The expression of 10 ERGs was confirmed by qRT-PCR in clinical samples. Then, we developed a nomogram predicting 1-/3-/5-year survival possibility combining the risk score and clinical factors. The entire set was stratified into the high- and low-risk groups, which was used to analyze the immune infiltrating, tumorigenesis pathways, and response to drugs.



Results

A total of 220 genes were screened out from 1,316 ERGs for their differential expression in tumor versus normal. Next, 10 genes were found to be associated with overall survival (OS) in EC, and the expression was validated by qRT-PCR using clinical samples, so we constructed a 10-ERG-based risk score to distinguish high-/low-risk patients and a nomogram to predict survival rate. The calibration plots proved the predictive value of our model. Gene Set Enrichment Analysis (GSEA) discovered that in the low-risk group, immune-related pathways were enriched; in the high-risk group, tumorigenesis pathways were enriched. The low-risk group showed more immune activities, higher tumor mutational burden (TMB), and higher CTAL4/PD1 expression, which was in line with a better response to immune checkpoint inhibitors. Nevertheless, response to chemotherapeutic drugs turned out better in the high-risk group. The high-risk group had higher N6-methyladenosine (m6A) RNA expression, microsatellite instability level, and stemness indices.



Conclusion

We constructed the ERG-related signature model to predict the prognosis of EC patients. What is more, it might offer a reference for predicting individualized response to immune checkpoint inhibitors and chemotherapeutic drugs.
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Introduction

Endometrial cancer (EC) is one of the most common gynecologic cancer, with rising incidence and associated mortality (1). According to the American Cancer Society, the 5-year relative survival (2010–2016) of uterine corpus cancer was 81%; the probability of dying from cancer of uterine corpus was 0.6% (2015–2017). Although the prognosis of EC is better than that of cervical and ovarian cancers, it is meaningful to screen out the high-risk part of EC patients who would have a higher possibility of advanced cancer and early death.

Epithelial–mesenchymal transition (EMT) is a biological process (BP) where epithelial cells gain mesenchymal features. During this process, cells in hybrid EMT state express both epithelial and mesenchymal biomarkers, such as E-cadherin, vimentin, keratin 5, keratin 14, and Cdh2. Through EMT-related pathways, cells gain stem-like features, reduced cell polarity, weakened cell–cell adherence, and the ability to migrate. In cancers, these cells present high metastatic potential (2). Some studies have revealed the role of EMT in EC. EMT status, represented by both reduced E-cadherin and nuclear expression of Snail, was found to be significantly related to clinical features including myometrial invasion, positive cytology, and overall survival (OS) (3), suggesting that EMT signature could be a prognostic factor of EC. As to the molecular mechanism behind, estrogen-related receptor alpha (ERRα) was reported to participate in the TGF-β-induced EMT through cancer–stromal interactions in EC cells (4). Ubiquitin-conjugating enzyme E2C (UBE2C), which is regulated by estrogen, promotes EMT via p53 in EC (5). What is more, PD-L1 was found to be modulating EMT and cancer stem cell (CSC)-like phenotype through several signaling pathways (6), which inspired us to investigate the association between EMT status and response to immune checkpoint inhibitor therapy in EC. Tumors are infiltrated by immune cells, such as T cells, NK cells, macrophages, and dendritic cells (DCs), composing the microenvironment around cancer cells. Some inflammatory cells like macrophages shift their ground to support cancer cells during long-term crosstalk with them, which might contribute to resistance to drug therapy. Tumors escape from regular immune recognition by regulating immune checkpoints. The current risk stratification models used in EC mostly stick to clinical features (stage, histological type, and grade), but genomic factors have not been applied to standard clinical use (7). Therefore, we tried to establish an EMT-related gene (ERG)-related risk model for EC in prognosis and might offer a reference for individual treatment in the future.



Materials and Methods


Public Data Sources

ERGs were attained from a previous study of EMT-related signatures for CRC (8). ERG expression data and clinical features of 522 EC patients and 23 normal samples were downloaded from The Cancer Genome Atlas (TCGA), and the transcriptome data files were “FPKM”. The clinical and pathological characteristics of the tumor samples are shown in Table S1 (p > 0.05, chi-squared test).



Identification of Overall Survival-Related Epithelial–Mesenchymal Transition-Related Genes

We analyzed 1,316 ERGs between EC and normal tissues with the “limma” package in R software with a cutoff threshold (the adjusted false discovery rate < 0.05 and absolute |log2FC|> 2). The different expression levels of ERGs were visualized by heatmap and volcano plot.



Construction and Validation of the Epithelial–Mesenchymal Transition-Related Gene Signature Model

We randomly divided the entire set (511 samples) into two sets using the R package “caret.” The training set was used for the construction of the risk model, while the testing set and the entire set were used for validation. Univariate Cox regression analysis was performed in the R package “survival”, and multivariate Cox regression analysis in the “survminer” package to pick out the prognostic ERGs. Then we established the risk score with the following formula: risk score = Σi multi-Cox-coefficient (ERGi) * expression (ERGi). Survival analysis was used to investigate the relationship between ERG-related risk score and OS. The Kaplan–Meier (K-M) analysis was performed with the “survival” package. Principal component analysis (PCA) was used for dimensionality reduction (9). Time-dependent receiver operating characteristic (ROC) was performed with the “survivalROC” package.



Construction of the Nomogram

Univariate and multivariate Cox regression analyses were used to investigate whether risk score was an independent prognostic factor in the training, testing, and entire cohorts. We further verified the prognostic value of the risk score stratified by clinicopathological parameters. We constructed the nomogram predicting 1-/3-/5-year survival possibility using the “rms” package. The calibration plots were used to validate the prognostic value of the nomogram.



Gene Set Enrichment Analysis

Gene Set Enrichment Analysis (GSEA) was used to determine the significantly enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways of ERG mRNA.

GSEA (http://software.broadinstitute.org/gsea/index.jsp) was used to identify BPs that are enriched in the gene rank. Based on a model of the risk score, EC samples in the entire set were divided into high-risk and low-risk groups. Comparing the enrichment of BPs, the underlying biological functions of two groups were identified. The collection of annotated gene sets in the Molecular Signatures Database (MSigDB, http://software.broadinstitute.org/gsea/msigdb/index.jsp) was chosen as the reference gene set in GSEA software. The Nom. p < 0.05 was chosen as the cutoff criterion (10). The c2.cp.kegg.v7.4.symbols.gmt was chosen as the reference file.



Evaluation of Tumor Microenvironment

CIBERSORT tool was used to quantify 22 types of immunocyte fractions based on TCGA RNA-sequencing data (11). ESTIMATE algorithm was used to calculate the immune score, stromal score, ESTIMATE score, and tumor purity based on the expression of immune and stromal cells in the tumor microenvironment (12). Infiltration of immune cells was estimated in several ways including TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC. The activity of immune-related pathways was estimated with single-sample GSEA (ssGSEA) (13).



Immune Prognostic Signature Analysis

Immune prognostic signature (IPS) can be obtained in an unbiased manner using machine learning method based on four major gene categories (PD1, PD-L1, PD-L2, and CTLA4) that determine immunogenicity. The IPS was calculated using z-scores of representative genes associated with immunogenicity. The IPSs of patients with uterine corpus endometrial carcinoma (UCEC) were extracted from The Cancer Immunome Atlas (TCIA) (https://tcia.at/home) (14).



Somatic Mutation, Tumor Stemness, and Drug Sensitivity Analysis

The mutation data of endometrial carcinoma patients were obtained from TCGA (Data Category = copy number variation; “maf” file). The top 10 mutation genes were visualized by fall plots using the “maftools” packages in R software (15). In addition, the correlation between tumor mutational burden (TMB) and risk score was also assessed. As previously reported, one-class logistic regression (OCLR) was used to calculate the stemlike indices for each endometrial carcinoma sample (16). The response to chemotherapy and small-molecule drugs in UCEC patients was determined using a public database called Genomics of Drug Sensitivity in Cancer (GDSC; https://www.cancerrxgene.org). The half-maximal inhibitory concentration (IC50) was estimated, which represented the drug response (17). The NCI-60 database is currently the most widely used for cancer drug testing, which was accessed through the CellMiner interface (https://discover.nci.nih.gov/cellminer) (18). Pearson’s correlation analysis was performed to explore the underlying drug sensitivity difference between the high- and low-risk groups.



Consensus Clustering Analysis

TCGA UCEC cohort was clustered into different groups according to the consensus expression of 10 ERGs with “Consensus Cluster Plus” in R (19). Then we used the K-M method and log-rank test to obtain the OS data between different clusters. A chi-square test was carried out to compare the distribution of age, histologic type, tumor status, stage, and grade between two clusters.



Quantitative Real-Time PCR

TRIzol reagent (Thermo Fisher Scientific, USA) was used to extract total RNA from 16 EC tissues and 16 normal tissues, and cDNA was reverse-transcribed by Revert Aid First Strand cDNA Synthesis kit (Thermo Fisher Scientific, USA). The qRT-PCR was conducted by SYBR-Green PCR kit (Takara, Tokyo, Japan), and the cycle threshold (CT) of 10 ERGs was recorded. The relative expression of the target gene was estimated using the 2−ΔΔCT method. The primer sequences are listed in Table S2.



Statistical Analysis

All the analyses were performed in the R software (version 4.1.0). Wilcoxon test was used to compare the continuous variables that were not normally distributed. A p-value of less than 0.05 was considered statistically significant.




Results


Searching for Epithelial–Mesenchymal Transition-Related Genes in Endometrial Cancer

To screen out differently expressed ERGs in EC, we compared the mRNA expression profiles of 552 tumor samples and 23 normal samples from TCGA database. Out of 1,316 ERGs, 220 showed a significant difference, in which 122 were upregulated (log2(fold change) > 2), while 98 were downregulated (log2(fold change) < −2). The ERGs were displayed with the clustering heatmap and volcano plot (Supplementary Figures 1A, B). Gene Ontology (GO) function analysis was divided into three groups: BP group, cellular compartment (CC) group, and molecular function (MF) group. In the BP group, ERGs were mainly involved in the extracellular matrix organization, extracellular structure organization, and external encapsulating structure organization. ERGs in the CC group were mainly enriched in the collagen-containing extracellular matrix, external side of the plasma membrane, and secretory granule lumen. ERGs in the MF group were mainly involved in receptor-ligand activity, signaling receptor activator activity, and cytokine activity (Supplementary Figure 1C). The results of KEGG pathway enrichment revealed that the ERGs were mainly concentrated in cytokine–cytokine receptor interaction, microRNAs in cancer, and transcriptional misregulation in cancer (Supplementary Figure 1D).



Identification of Hub Epithelial–Mesenchymal Transition-Related Genes and Development of a Prognostic Index

To investigate the prognostic value of 200 candidate genes associated with EMT, we randomly split the entire set (511 tumor samples) into the training set (n = 153) and the testing set (n = 358). There were no significant differences in clinical factors including age, histological type, grade, and stage between the training set and the testing set by chi-square test and Wilcoxon rank-sum test (Table S1). After univariate Cox regression was used to combine clinical information with transcriptional profiles, a total of 31 ERGs associated with survival were identified in the training set (Table 1). To generate a prognostic ERG signature model (risk score), multivariate Cox proportional hazards regression analysis was applied to evaluate the connection between ERGs and OS in the training set, and 10 ERGs were identified as the prognostic ERGs (Table S3). At last, the ERGs FBN1, HIC1, SFRP4, COL11A1, ONECUT2, HOXB9, DLX4, MSX1, TNF, and SIX1 were included in our prognosis model with the formula of “Risk score = 0.1019 * FBN1 − 0.2529 * HIC1 − 0.0076 * SFRP4 + 0.0544 * COL11A1 + 0.1850 * ONECUT2 + 0.0057 * HOXB9 + 0.1853 * DLX4 − 0.0009 * MSX1 + 0.0265 * TNF + 0.0392 * SIX1 in the training set. In the training set, the median risk score of the training set was the cutoff to divide samples into the high-risk group and low-risk group. To reflect the association between the risk score and prognosis of EC, we dotted the samples of different risk scores according to their survival time. The heatmap showed an expression level of 10 ERGs in the high-risk and low-risk groups (Figure 1A). More red dots in the high-risk group indicated that more patients died in less than 5 years, and the K-M analysis suggested that the survival outcome of the low-risk group was significantly better (Figure 1D). The ROC curve revealed that our predictive model exhibited good sensitivity and specificity in predicting EC patient OS (5 years, area under the curve (AUC) = 0.816; 3 years, AUC = 0.753; 1 year, AUC = 0.75) (Figure 1G). The PCA showed that the samples in the two groups were distributed in different directions (Figure 1J).


Table 1 | Univariate Cox regression analysis of 31 EMT-related genes in EC in the training set.






Figure 1 | Identification and validation of the EMT-related genes signature in the training, testing, and entire sets. The risk curve and scatter plot of each sample reordered by risk score and the heatmap showed the expression profiles of 10 ERGs in the low-risk group and high-risk group in the training set (A), testing set (B), and entire set (C). Each square represents a clinical sample, and its color is associated with the gene expression. The higher the gene expression, the darker the color (red represents upregulated genes, and blue represents downregulated genes). Kaplan–Meier survival curves and area under the curve (AUC) value of the prognostic factors of 10 ERGs in the training set (D, G), testing set (E, H), and entire set (F, I). (G) PCA reveals the difference between the high-risk and low-risk groups in the training set (J), testing set (K), and entire set (L). EMT, epithelial–mesenchymal transition; ERG, EMT-related gene; PCA, principal component analysis.





Validating the Epithelial–Mesenchymal Transition-Related Gene Signature Model in the Testing Set and the Entire Set

To validate the predictive value of the risk score, we performed a similar analysis in the testing set and entire set. In the testing set and entire set, EC samples were stratified into the high-risk and low-risk groups according to the median risk score of the training set. The heatmap showed ERG expression between the high-risk and low-risk groups in the testing set and entire set (Figures 1B, C). Survival time plot showed a higher possibility of early death in patients with a higher risk score, and the K-M plot proved that a high-risk score is associated with worse OS (Figures 1E, F). Besides, the AUC of the testing set was 0.723 at 1-year survival, 0.742 at 3-year survival, and 0.644 at 5-year survival; the AUC of the entire set was 0.742 at 1-year survival, 0.752 at 3-year survival, and 0.768 at 5-year survival (Figures 1H, I). PCA displayed discrete directions of distribution in subgroups (Figures 1K, L). All of the above studies demonstrated good performance of our risk score model in the prognosis of EC.

As to the expression and predictive value of each ERG in the risk score formula, we first analyzed the gene expression level in tumor and in normal samples. FBN1, HIC1, and SFRP4 were lower in the tumor than normal tissues; the expressions of other ERGs were the opposite (Supplementary Figure 2A). The K-M analysis according to the optimal cutoff expression value of each ERG and the results concluded that 8 ERGs were related to survival possibility (Supplementary Figure 2B). Spearman’s correlation analysis showed an interaction among 10 ERGs, and the connection between HIC1 and SFRP4 stood out (Supplementary Figure 2C). We further validated the expression level of 10 ERGs using qRT-PCR in clinical sample tissues (Supplementary Figure 2D). The results revealed that the mRNA expression levels of DLX4, FBN1, HIC1, HOXB9, ONECUT2, and SIX1 were significantly different between tumor samples and normal tissues, which were consistent with the results from TCGA. However, there was no difference in COL11A1 and TNF expression in clinical sample tissues. In addition, the expression of NSX was significantly lower in EC tissues, which was contrary to the prediction.



Constructing an Epithelial–Mesenchymal Transition-Related Gene-Featured Predictive Nomogram for Endometrial Cancer

Furthermore, we evaluated the prognostic impact of the risk signature in EC patients with different clinicopathological features in the entire set. Clinical factors including age, histological type, grade, and stage are related to the survival outcome of patients. As shown in Figure 2A, risk scores increase with age and disease progression (grade, histological type, and stage). In addition, the risk score reached satisfactory prognostic discrimination in patients with age (Figure 2B), grade (Figure 2C), histological type (Figure 2D), and stage (Figure 2E). In aggregate, the above results reveal that the risk model is a promising prognostic classifier for EC patients.




Figure 2 | Subgroup analysis of the prognostic value of risk score in EC patients. (A) Boxplots of the risk score in EC stratified by age, grade, histological_type, and stage. Prognostic value of risk score in patients with different ages (B), different grades (C), different histological_types (D), and different stages (E). EC, endometrial cancer.



Univariate and multivariate Cox regression analyses were employed to evaluate whether the ERG signature was an independent prognostic indicator for EC patients. The univariate Cox regression analysis proved that risk score, stage, and histological type were independent factors affecting OS in three sets. However, the multivariate Cox regression analysis of the three sets demonstrated only that the signature-based risk score was remarkably correlated with OS (Table 2).


Table 2 | Univariate and multivariable Cox regression analysis of the EMT-related genes and overall survival in different patient sets.



Based on the ERG-featured risk score and clinical factors, we constructed a nomogram, taking risk score, stage, and histological type into account, to predict the outcome of EC patients (Figure 3A). According to the point of three factors, we could calculate the total points so as to predict the 1-/3-/5-year survival possibility of a certain patient. Higher total points mean poorer outcomes. The multi-ROC curves proved that synthesizing clinical factors and risk scores would be better than a single factor (Figure 3B). The correlation of ERG expression and risk score with clinical factors are exhibited in Table S4. The calibration plots demonstrate the concordance of our nomogram result with the actual circumstances (Figure 3C). In order to further prove the predictive performance of the ROC curve for ERGs in this model, we compare three recently published articles on the signatures of the prognostic model in EC (20–22). Based on the same TCGA patient cohort, we found that in this model, the AUC of OS for our signatures is 0.742, which is significantly higher than that of other existing EMT-related signatures (Figure 3D).




Figure 3 | Construction of a nomogram for survival prediction of EC patients. (A) The nomogram combining signature with clinicopathological features (histological_type, clinical stage, and risk score). (B) ROC curves of 1-, 3-, and 5-year overall survival (OS), indicating that the ERG-based signatures had better predictive ability than other clinical factors. Furthermore, when combined risk score with clinical factors for analysis, the AUC values of 5-year OS increased further, which suggested that the nomograms had superior predictive capacity for the long-term prognosis of EC. (C) Calibration plot showing that nomogram-predicted survival probabilities corresponded closely to the actually observed proportions. (D) The AUC for ERGs and the existing EMT-related signatures. EC, endometrial cancer; ROC, receiver operating characteristic; EMT, epithelial–mesenchymal transition; ERG, EMT-related gene; AUC, area under the curve.





Exploring Biological Functions of Epithelial–Mesenchymal Transition-Related Genes

To further investigate the molecular mechanism of these ERGs, we analyzed the expression profile of transcription factors (TFs) between EC and normal endometrium and screened out 27 differentially expressed TFs (Table S5), which are shown with the clustering heatmap and the volcano plot (Supplementary Figures 3A, B). A regulatory network was also constructed by ERGs with relevant TFs (Supplementary Figure 3C). Second, we used GSEA to discover significant pathways of ERGs. The top 5 KEGG pathways enriched in the high-risk group (cell cycle, DNA replication, homologous recombination, EC, and pathways in cancer) were associated with tumorigenesis; those of the low-risk group (asthma, autoimmune thyroid disease, cytokine–cytokine receptor interaction, graft-versus-host disease, and intestinal immune network for IgA production) were immune-related (Supplementary Figure 3D). The results indicated that low-risk scores were associated with immune signaling pathways.



Evaluating Immune Status in Groups Stratified by Risk

Tumor immune-related cells were compared in different risk groups, and ssGSEA showed more immune activities in the low-risk group. The results exhibited that the abundances of activated DCs (aDCs) were significantly decreased in the low-risk group, while in the high-risk group, B cells, CD8+ T cells, DCs, interdigitating DCs (iDCs), mast cells, neutrophils, natural killer (NK) cells, plasmacytoid DCs (pDCs), T helper cells, Tfh, Th1 cells, TIL, and regulatory T cells (Tregs) were markedly decreased (Figure 4A). Comparisons of 13 immune-related functions in the high-risk and low-risk groups confirmed the difference of antigen-presenting cell (APC) co-inhibition, CC chemokine receptor (CCR), checkpoint, cytolytic activity, human leukocyte antigen (HLA), inflammation promoting, T-cell co-inhibition, T-cell co-stimulation, type I IFN response, and type II IFN response (Figure 4B). We further investigated the expression of key immunity genes, HLA genes, which were mostly higher in the low-risk group (Figure 4C). In addition, we calculated ESTIMATE SCORE and found that the low-risk group had a higher ESTIMATE score, immune score, and stromal score (Figure 4D). The correlation analysis revealed that risk score was significantly negatively associated with ESTIMATE score, immune score, and stromal score. RNA stemness score (RNAss) and DNA stemness score (DNAss) were performed to measure tumor stemness based on mRNA expression and DNA methylation pattern, respectively. The results indicated that the risk score was not significantly associated with DNAss, but significantly positively correlated with RNAss (Figure 4E). We further investigated the association between the expression of 10 ERGs and the tumor-infiltrating immune cells (TIICs) in EC using the TIMER database (Figure 4F). To explore the relationship between risk score and immune component, we identified the correlation between risk score and immune infiltration. There are six different types of immune infiltrates in human tumors, corresponding to tumor promotion and tumor suppression, namely, C1(wound healing), C2 (INF-g dominant), C3 (inflammatory), and C4 (lymphocyte depleted) (23). The results showed that a higher risk score was significantly associated with C1, while a lower risk score was significantly associated with C4 (Figure 4G).




Figure 4 | Landscape of immune cell infiltration. (A) Comparison of 16 tumor immune-related cells in the high-risk and low-risk groups. (B) Comparison of 13 immune-related functions in the high-risk and low-risk groups. (C) The distribution of HLA-related genes of the high-risk and low-risk groups. (D) Comparison of ESTIMATES score, Immune score, and Stromal score in high-risk and low-risk groups. (E) The relationship between risk score and ESTIMATES score, Immune score, Stromal score, RNAss, and DNAss. (F) The correlation between 10 ERGs and immune cells infiltration. (G) Comparison of the risk score in different immune infiltration subtypes. EC, endometrial cancer; ROC, receiver operating characteristic; EMT, epithelial–mesenchymal transition; ERG, EMT-related gene; AUC, area under the curve; HLA, human leukocyte antigen. Adjusted p-values were shown as ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001.



TIICs contribute to building the microenvironment of tumors. We used TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC to estimate infiltration of 21 types of immune cells in the high-risk and low-risk groups (Figure 5A). CD8 T cells, Tregs, and plasma cells have a bigger fraction in the low-risk group; M0/M1/M2 macrophages and T follicular helper cells have a larger proportion in the high-risk group (Figures 5B, C). The correlation of risk score and TIICs is shown in Figure 5D, which demonstrated that aDCs, macrophages M0, macrophages M1, macrophages M2, mast cells activated, NK cells resting, and T cells follicular helper were positively correlated with a risk score, while risk score was negatively associated with mast cell resting, monocytes, plasma cells, T cells CD4 memory resting, T cells CD8, and Tregs.




Figure 5 | Comparison of immune signature between the high-risk and low-risk groups of EC patients. (A) The infiltration of 21 types of immune cells in high-risk and low-risk groups was estimated by TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC database. (B, C) Comparison of tumor-infiltrating immune cells between different risk groups. (D) The correlation of risk score and tumor-infiltrating immune cells. EC, endometrial cancer.





The Prognostic Value of Immune Checkpoint Modulators and Response to Immune Checkpoint Inhibitor

Immune checkpoint modulators play a critical role in immune cells’ battle with cancer cells. We analyzed the distribution of 17 pivotal modulators in the high- and low-risk groups in the entire set. As a result, 9 of them (CD27, CTLA4, PD-L2, B7-H3, B7-H4, PD-1, CD40, PD-L1, and CD270) have a statistically significant difference in two different risk groups (Figure 6A). We focused on CTLA4 and PD1, and the box plot and correlation plot of the two molecules with risk scores demonstrated that patients with low risk have higher CTLA4 and PD1 expression (Figures 6B, C). These two molecules might be protective factors in EC.




Figure 6 | Associations of immune cell infiltration, immune checkpoints expression, and IPS and the EMT-related risk signature. (A) The distribution of immunomodulators in high-risk and low-risk groups. (B, C) The expression of 2 immune checkpoint molecules (CTLA4 and PD1) in high-risk and low-risk groups and Pearson’s correlation coefficient calculated between risk score and 2 immune checkpoint molecules. (D) The association between IPS and the risk score in EC patients. IPS, immune prognostic signature; EMT, epithelial–mesenchymal transition; EC, endometrial cancer.



Then we used Immunophenoscore to estimate the response to immune checkpoint inhibitors (CTLA4-blocker, CTLA4-PD1-PDL1-PDL2-blocker, and PD1-PDL1-PDL2-blocker) in subgroups stratified by risk score. As is shown in Figure 6D, the low-risk group had higher IPS, indicating higher immunogenicity of tumors.



Tumorigenesis Biological Processes and Epithelial–Mesenchymal Transition-Related Gene-Based Risk Score

Tumorigenesis pathways were enriched in the high-risk group. Therefore, we looked into TMB, N6-methyladenosine (m6A) RNA modification, microsatellite instability (MSI), and CSC characteristics. Gene mutations lead to the generation and development of tumors. TMB corresponds with the objective response rate for anti-PD-1 therapy across multiple cancer types (24). The oncoplot displays that in the high-risk group, genes of the top 3 mutation rate were tp53, PTEN, and PIK3CA; in the low-risk group, the top 3 mutated genes were PTEN, ARID1A, and PIK3CA. What is more, the mutation frequency of PTEN and PIK3CA was higher in the low-risk group than in the high-risk group (Figures 7A, B). The K-M plot shows the relationship of higher TMB and better OS (Figure 7C), which was consistent with a better response to immune checkpoint inhibitors in the low-risk group mentioned above. Using both TMB and ERG risk scores could better predict the survival time of EC patients (Figure 7D). The was no significant correlation between risk score and TMB (Figure 7E).




Figure 7 | Tumor mutational burden (TMB), somatic mutation, N6-methyladenosine, and microsatellite instability (MSI) analysis. Oncoplot displaying the somatic landscape of EC with high-risk group (A) and low-risk group (B); the genes are sorted according to their mutation frequency. (C) Survival analysis between high-TMB and low-TMB EC patients. (D) Two-factor survival analyses of risk score and TMB level. (E) Relationship between TMB and EMT-related risk score. (F) The expression level of main genes of m6A writers, erasers, and readers (HNRNPC, YTHDF1, YTHDF2, RBM15, and WTAP) in high-risk and low-risk groups. (G) The expression of MLH1, MSH2, MSH6, and PMS2 in high-risk and low-risk groups. (H) mRNA stemness indices between high-risk and low-risk groups. EC, endometrial cancer. Adjusted p-values were shown as ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001.



m6A RNA modification regulates the generation and maintenance of CSCs, which drives the progression of cancer (25). We studied the expression level of the main genes of m6A writers, erasers, and readers in the EC cohort. The expression of HNRNPC, YTHDF1, YTHDF2, RBM15, and WTAP was significantly higher in the high-risk group (Figure 7F). Approximately 30% of primary ECs are MSI-high/hypermutated (MSI-H), and 13% to 30% of recurrent ECs are MSI-H or mismatch repair deficient (dMMR) (26). MLH1, MSH2, MSH6, and PMS2 were lost more frequently in the high-risk group (Figure 7G). Two stemness indices, mRNAsi and EREG-mRNAsi, were utilized to investigate the expression of stem cell-related genes in EC. In the high-risk group, both indices were higher. Oncogenic dedifferentiation marked by CSC characteristics might be another predictive marker of EC (Figure 7H).



Response to Chemotherapeutic Drugs and Epithelial–Mesenchymal Transition-Related Gene-Based Risk Score

The sensitivity of four kinds of chemotherapeutic drugs including cisplatin, doxorubicin, etoposide, and paclitaxel was analyzed (Figure 8A). The low-risk group had a higher IC50 of etoposide, cisplatin, and doxorubicin than the high-risk group, which demonstrated that patients with higher risk scores were more sensitive to those chemotherapeutic drugs. In addition, the expression of 10 ERGs in NCI-60 cell lines was investigated, and the relationship between their expression levels and drug sensitivity was revealed at the same time. The results showed that 6 ERGs were correlative to some chemotherapy drug sensitivity (p < 0.01, Figure 8B).




Figure 8 | Association between the risk score, ERGs, and chemosensitivity in EC. (A) The box plots of the estimated IC50 for paclitaxel, etoposide, cisplatin, and doxorubicin in high-risk and low-risk groups. (B) Scatter plot of the relationship between the expression of ERGs and drug sensitivity. EMT, epithelial–mesenchymal transition; ERG, EMT-related gene; EC, endometrial cancer.





Consensus Clustering Analysis of Epithelial–Mesenchymal Transition-Related Genes

By consensus unsupervised clustering of 511 samples from EC patients, we found that 2 clusters had lower values of ambiguously clustered pairs (PAC), which reflected the near-perfect stability of the samples under the correct K value distribution (Supplementary Figures 4A, B). We classified the samples into two clusters (k = 2) based on ERG expression (Supplementary Figures 4C, D). The clinical characters distributed in two clusters are shown in Supplementary Figures 4E–H. The heatmap demonstrates the distinction of ERG expression between two clusters (Supplementary Figure 4I). Cluster2 had obviously more MSX1 expression and longer OS (Supplementary Figure 4J). The analysis also implied that the genes involved in the signature could have great possibilities to become biomarkers for EC and proved that the signature might have a vital role in the clinical contributions.




Discussion

As the incidence rate of EC increases and the type of cases becomes complicated, TCGA reported a classification for EC—POLE-mutated, MSI-H, copy number-low, and copy number-high (27)—inspiring us that genomic characters can be a guide for prognoses and treatments. However, some patients still cannot benefit from therapy according to the current classification. Better surveillance and therapeutic regimens are an urgent need. Therefore, we developed an ERG-related signature model as a novel classification tool for EC patients.

EMT has been noticed as a characteristic of tumor cells acquiring both epithelial and mesenchymal features, which is associated with progress and metastasis. In this study, we collected clinical data and expression files of ERGs from TCGA database. From 1,316 ERGs, we found 220 genes expressed differently between tumor and normal samples and finally identified 10 genes (FBN1, HIC1, SFRP4, COL11A1, ONECUT2, HOXB9, DLX4, MSX1, TNF, and SIX1) associated with the prognosis of EC to establish a predicting model. The AUC value based on the training set and the entire set was all above 0.7. Next, taking traditional clinical categories into consideration, we generated an ERG-based predictive nomogram. The nomogram can offer a total score for a specific patient, and the score can identify the predicting 1-/3-/5-year survival possibility.

Among the critical 10 genes, FBN1 encodes fibrillin-1, composed of microfibrils in the extracellular matrix. The mutation in FBN1 was responsible for Marfan’s syndrome and other disorders of connective tissues (28). In EC, FBN1 was identified as a substrate for FBXO2-mediated ubiquitin-dependent degradation. FBOX2 promotes EC proliferation by regulating the cell cycle and the autophagy signaling pathway, whose function would be blocked by the absence of FBN1 (29). HIC1 (Hypermethylated in Cancer1) is a tumor suppressor gene inactivated by epigenetic silence (30). HIC1 is found in a CpG island of chromosome 17p13.3 region, frequently hypermethylated in various types of tumors, and is associated with poorer survival (31). Its methylation density increases from normal tissues to precancerous lesions to cancer. Few papers mentioned the role of HIC1 in EC, except one that found that HIC1 expression significantly reduced in RT-PCR analysis in rat EC cells compared with non-malignant samples, but could not see the same decrease in protein level (32). Our study discovered the association of HIC1 expression level with the prognosis of EC. SFRP4 (secreted frizzled related protein 4) is an extracellular antagonist of the Wnt/β-catenin pathway. Its loss was noticed in aggressive ovarian cancer types and recombinant SFRP4 (rSFRP4) treatment of serous ovarian cancer cells that result in the inactivation of the Wnt/β-catenin pathway, mesenchymal-to-epithelial transition, and decreasing ability to migrate (33). SFRP4 is more frequently downregulated in MSI type of EC compared with microsatellite stable ones (MSS) (34). COL11A1 encodes one of the two alpha chains of type XI collagen. In ovarian cancer, COL11A1 is expressed in the intra/peri-tumoral stromal cells and rare foci of tumor epithelial cells, indicating COL11A1 as a marker of carcinoma-associated fibroblasts and possibly cancer cells undergoing EMT (35). ONECUT2 encodes a member of the one cut family of TFs. It is involved in EMT, resulting in cell growth and invasion in gastric (36) and colorectal and ovarian cancers (37, 38). HOXB9, a TF induces angiogenesis, increased cell motility, and acquisition of mesenchymal characters, thus contributing to lung metastasis of breast cancer (39). HOXB9 induces EMT through TGF-β1-Smad signaling in HCC, promoting migration and invasion of HCC cells (40). DLX4, widely expressed in different types of cancer but absent in most normal adult tissues, induces EMT through directly binding to regulatory regions of TWIST gene (41). What is more, DLX4-mediated EMT in trophoblasts may be a possible pathophysiological mechanism for preeclampsia (42). MSX1 is significantly upregulated in EC, which plays a crucial role in progestin resistance. Knockdown of MSX1 inhibited EMT and improved the therapeutic effect of progesterone (43). TNF-α, a pro-inflammatory cytokine, enhances TGF-β-induced EMT by activating the Smad2/3 signal (44). A similar mechanism is found for SIX1 in papillary thyroid carcinoma (45). Further, SIX1 increases CSC recruit macrophages and stimulate angiogenesis, contributing to the progression of cancer. All the above elucidate the function of these 10 genes in EMT. Our study propels knowledge of the relationship of these genes with the prognosis of EC.

Then, through GSEA, we investigated biological functions of the 10 ERG and we found that our signature was significantly associated with the immuno-microenvironment of the EC. According to the results that immune-related pathways were enriched in the low-risk group, we analyzed immune cell infiltration in two groups. In addition, CD8+ T cells, Tregs, and plasma cells were distributed more in the low-risk group, while macrophages and T follicular helper cells were distributed more in the high-risk group. Previous studies demonstrated that CD8+ count could be an independent prognostic factor of EC (46, 47). In our signature, we found that CD8+ T cells were lower in the high-risk group, leading to a poor prognosis. dMMR was observed to be related to positive PD-L1 expression and high CD8+ cell count (48, 49), in which the subgroup might benefit from immunotherapy. From our study, we found higher CTLA4 and PD1 expressed in the low-risk group and higher IPS, indicating better response to immune checkpoint inhibitors. dMMR was observed more frequently in the high-risk group. Apart from immunotherapy, we also evaluated the effect of chemotherapeutic drugs, including cisplatin, doxorubicin, etoposide, and paclitaxel. Similarly, patients in the low-risk group were more sensitive to chemotherapy. In recent years, in-depth studies have been conducted on ERGs for different immune states of tumors, and a large number of diagnostic and prognostic assessment methods have been identified (20–22, 50). Compared with existing prognostic features, our new prognostic model has greater clinical application potential. Therefore, the signature we established may be helpful to classify patients into different risk groups and offer different recommendations about treatments.

Nowadays, complex predicting models consisting of more cancer-related genes and clinical characters may be a trend for comprehensive individualized diagnosis and treatment. We generated a nomogram taking 10 ERG and clinical features together to identify the 1-/3-/5-year survival possibility of EC patients. However, there are still some restrictions in our study. First, data were based on TCGA database, and validation was performed inside the entire cohort. Second, the mechanism of how these ten genes regulated EMT in EC needs further study. Third, more clinical information about the accuracy of our signature in predicting drug response needs to be collected worldwide.



Conclusions

In summary, we developed a signature model based on 10 ERG for EC patients and verified its independent prognostic value. What is more, it might offer a reference for predicting individualized response to immune checkpoint inhibitors and chemotherapeutic drugs.



Data Availability Statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.



Ethics Statement

The studies involving human participants were reviewed and approved by The Third People’s Hospital of Nantong. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

HZ and YX conceived the study and participated in the study design, performance, and manuscript writing. JL, GC, FG, and SS conducted the bioinformatics analysis. All authors read and approved the final manuscript.



Acknowledgments

We would like to thank the researchers and study participants for their contributions.



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2021.805883/full#supplementary-material

Supplementary Figure 1 | Identification of EMT-related genes (ERGs) from endometrial cancer samples. Heatmap (A) and volcano plot (B) of ERGs between EC and normal endometrium. Each square represents a clinical sample, and its color is associated with the gene expression. The higher the gene expression, the darker the color. Red dots represent up-regulated ERGs, green dots represent down-regulated ERGs and black dots represented no ERGs. Results of Gene ontology analysis (C), Kyoto Encyclopedia of Genes and Genomes pathways pathway enrichment analysis (D).

Supplementary Figure 2 | The expression levels and prognostic value of ERGs. (A) Compared with the normal tissues, the expression levels of 10 ERGs in EC. (B) Kaplan-Meier survival curves of the high and low expression of ERGs in EC were compared based on the optimal cut-off expression value of each ERG. (C) The interaction between 10 ERGs was analyzed by the Spearman’s correlation analysis. (D) Expression level of COL11A1, DLX4, PBN1, HIC1, HOXB9, MSX1, ONECUT2, SFRP4, SIX1 and TNF in clinical samples.

Supplementary Figure 3 | Identification of survival associated EMT-related genes (ERGs) and relevant transcription factors (TFs). (A) Heatmap and (B) volcano plot of differentially expressed TFs between EC and normal endometrium. Red dots represented up-regulated TFs, green dots represented down-regulated TFs and black dots represented no TFs. (C) Differentially expressed ERGs and regulatory network with relevant TFs. (D) Five representative KEGG pathways for the high-risk and low-risk group.

Supplementary Figure 4 | Consensus clustering analysis of ERGs. (A) cumulative distribution function (CDF) curve of K = 2–10. (B) The relative change in area under the CDF curve of K = 2–10. (C) Sample clustering heatmap. (D) Tracking plot of k in the consensus cluster of EMT-related genes. (E–H) The proportion of clinical characters (age, grade, histological type and stage) in two clusters. (I) The heatmap of ERG expression in two clusters. (J) Prognostic prediction in two clusters by Kaplan-Meier.
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Background

Bladder cancer (BLCA) is a common malignant tumor of the urinary tract, which is the sixth most common cancer among men. Numerous studies suggested that pyroptosis and long noncoding RNAs (lncRNAs) played an essential role in the development of cancers. However, the role of pyroptosis-related lncRNAs in BLCA and their prognostic value are still unclear.



Methods

In this study, we constructed a signature model through least absolute shrinkage and selection operator (LASSO) Cox regression analysis and Cox univariate analysis based on The Cancer Genome Atlas (TCGA) database. The expression of 12 pyroptosis-related lncRNAs was also confirmed by qRT-PCR in BLCA cell lines. TIMER, XCELL, QUANTISEQ, MCPCOUNTER, EPIC, and CIBERSORT R script were applied to quantify the relative proportions of infiltrating immune cells. Correlation coefficients were computed by Spearman analyses. The Kaplan–Meier method, Cox regression model, and log-rank tests were used to evaluate the prognostic value. The R package of pRRophetic was used to predict IC50 of common chemotherapeutic agents.



Results

A total of 12 pyroptosis-related lncRNAs with great prognosis value were identified. The expression was investigated by qRT-PCR in four BLCA cell lines. Then, 126 cases were identified as high-risk group, and 277 cases were identified as low-risk group based on the cutoff point. Patients in the low-risk group showed a significant survival advantage. Furthermore, we found that clinical features were significantly related to the risk score. As well, based on the C-index values, a nomogram was constructed. The gene set enrichment analysis (GSEA) results showed that mitogen-activated protein kinase (MAPK) signaling, transforming growth factor (TGF)-β signaling, and WNT signaling were with important significance in the high-risk group. Moreover, we found that riskscore was positively correlated with M0 macrophages and M2 macrophages.



Conclusions

In conclusion, our study indicated that pyroptosis is closely connected to BLCA. The riskscore generated from the expression of 12 pyroptosis-related lncRNAs was evaluated by various clinical features including survival status, tumor microenvironment, clinicopathological characteristic, and chemotherapy. It may offer a significant basis for future studies.
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Introduction

Bladder cancer (BLCA) is the sixth most common cancer in men that is characterized by high risks of recurrence and mortality (1). As a common malignant tumor of the urinary tract, the 5-year overall survival rate of BLCA ranges from 23% to 48% (2, 3). Cisplatin-based chemotherapy, immunotherapy, and surgery are the most effective approaches and standard of care for BLCA (4). Novel therapeutic targets are necessary to ameliorate survival time of patients due to the limitations of BLCA treatments. Therefore, there is an urgent need for reliable new prognostic models to make targeted therapy more feasible. However, well-accepted prognostic biomarkers for BLCA are still lacking. As a result, urologists have difficulty in distinguishing the risk of BLCA patients and determine accurate treatment decisions (5).

The phenomenon of pyroptosis was first observed in the 1990s (6–9). Pyroptosis is one of the programmed cell necroses triggered and activated by some inflammasomes, which played an important role in the development of cancers. It was reported that pyroptotic death signaling was inhibited in human papillomavirus (HPV)-infected cervical cancer cells, which was correlated with poor clinical outcomes in cervical cancer (10). On the other hand, some chemotherapy drugs such as cisplatin could kill cancer cells by inducing pyroptosis (11). Pyroptosis was also found to be associated with tumor immune microenvironment. Recently, a study showed that pyroptotic cancer death could activate tumor-associated T-cell and dendritic cell (DC) infiltrations (12). It was reported that Gasdermin-D (GSDMD) was essential for effector CD8+ T cell to respond to lung cancer as well (13). These results suggested that pyroptosis was associated with the oncogenesis, immune microenvironment, and prognosis of cancer.

Long noncoding RNAs (lncRNAs) are a type of RNA more than 200 nucleotides long, which do not code for proteins (14). LncRNAs contribute to regulating the mechanisms associated with epigenetic modifications, transcriptional and posttranscriptional processes, and immune microenvironment in many diseases (15–19). Accumulated evidence has illustrated that lncRNAs are intimately related to cancer (20). For instance, lncRNA UCA1 could improve the survival of BLCA cells and reshape the tumor microenvironment (21). In addition, lncRNA ADAMTS9-AS2 enhanced cisplatin sensitivity in gastric cancer and suppressed tumor growth by mediating pyroptotic cell death (22). Moreover, lncRNA-XIST promoted non-small cell lung cancer progression by mediating pyroptotic cell death (23). Therefore, we believed that pyroptosis-related lncRNAs might participate in tumor cell proliferation and migration in cancer. However, the exact mechanism of pyroptosis-related lncRNAs in BLCA remains to be elucidated clearly.

In this study, we combined two kinds of biomarkers to construct a diagnostic model for cancers that was superior to simple genes. Few studies have confirmed the role of lncRNAs in this situation. We applied a novel modeling algorithm, paring, and iteration to construct a pyroptosis-related lncRNA signature. As well, we estimated its predictive value, diagnostic effectiveness, chemotherapeutic efficacy, immunotherapy efficacy, and tumor immune infiltration for patients with BLCA.



Materials and Methods


Microarray Datasets

The RNA sequencing (RNA-seq) of BLCA patients with clinical features was obtained from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/repository). Thirty-seven pyroptosis-related genes (GPX4, NLRP7, NLRP2, CASP3, CASP6, TNF, IL1B, IL18, CASP8, NLRP6, IL6, GSDMA, GSDMC, PYCARD, CASP5, AIM2, NOD2, NLRC4, NLRP3, CASP4, CASP1, PRKACA, ELANE, TIRAP, SCAF11, PJVK, CASP9, NOD1, PLCG1, NLRP1, GSDME, GSDMD, GSDMB, P2RX7, NAIP, CLPS, and TLR4) were selected for further analysis. Co-expression pyroptosis-related lncRNAs were identified with the cutoff criteria of Pearson |R|>0.3 and P value <0.001.



Identifying Differentially Expressed Genes and Functional Enrichment

R “limma” package was used to identify differently expressed genes (DEGs). The cutoff criterion was set as log fold change (FC) >1.5 along with false discovery rate (FDR) <0.05. Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were conducted by “clusterProfiler” package. As well, FDR <0.05 was considered statistically significant.



Establishment of a Risk Model to Evaluate the Risk Score

The least absolute shrinkage and selection operator (LASSO), a machine-learning algorithm, was performed by “glmnet” package. Afterward, Cox proportional hazards regression analysis was conducted for the model. The area under the curve (AUC) value was also calculated. The highest point indicated the maximum AUC value. The procedure of calculation was terminated while the model was chosen as the optimal candidate. The 1-, 2-, 3-, 4-, and 5-year receiver operating characteristic (ROC) curves were plotted. Then, we applied a formula to define risk score:

	

We distinguished high or low risk of Risk Scores by the AUC values of the 5-year ROC curve.



Calculation of Tumor Microenvironment Cell Infiltration

TIMER, XCELL, QUANTISEQ, MCPCOUNTER, EPIC, and CIBERSORT R script were applied to quantify the relative proportions of infiltrating immune cells (24). We used Spearman’s rank correlation analysis when exploring the relationship between the risk score values and the immune infiltrated cells.



Prediction of Response to Chemotherapy

The R package of pRRophetic was used to predict IC50 of common chemotherapeutic agents (25). IC50 indicates the effectiveness of a substance in inhibiting specific biological or biochemical functions. The difference between groups was tested by Wilcoxon signed-rank test.



Statistical Analysis

Correlation coefficients were computed by Spearman analyses. The Kaplan–Meier method, Cox regression model, and log-rank tests were used to evaluate the prognostic value. All statistical analyses were two-sided, and P < 0.05 was regarded as statistically significant. All statistical analyses were performed by R (version 4.0.3).



RNA Extraction and qRT-PCR

TRIzol reagent (Invitrogen, USA) was used to isolate total RNA from tissues. HiScript II (Vazyme, China) was used to synthesize cDNA. Primers for qRT-PCR were provided by TSINGKE Biological Technology. Beta-actin was chosen as the internal reference. Expression levels of lncRNAs were calculated with 2−ΔΔCT. The primers used for PCR were exhibited in Table S1.



Patients and Tissue Samples

The study was approved by the ethical committee of Jiangsu Cancer Hospital. Thirty-one patients with multiple BLCA who accepted partial and radical cystectomy at Jiangsu Cancer Hospital from December 2018 to August 2020 were recruited. All patients were diagnosed with urothelial carcinoma. Thirty-one tumor samples and normal bladder tissues were achieved for the experiment. Detailed clinical data were collected from the electronic medical records retrospectively. Sequencing was conducted using the Illumina PE150 platform at Novogene Bioinformatics Technology Co., Ltd.




Results


Identification of Co-Expressed Pyroptosis-Related Long Noncoding RNAs

The flowchart of this study was shown in Figure S1. Firstly, we obtained 37 pyroptosis-related genes from literature review. GO and KEGG analysis were carried out to investigate the function of these pyroptosis-related genes. The top 10 enriched GO and KEGG terms were shown in Figures 1A, B. The GO results indicated that pyroptosis-related genes were enriched in he regulation of cytokine, especially interleukin-1 (IL-1). The KEGG results indicated that pyroptosis-related genes were enriched in Peroxisome proliferator-activated receptor (PPAR) signaling pathway, calcium signaling pathway, phosphatidylinositol-3-kinase(PI3K) protein kinase B(AKT) (PI3K–AKT) signaling pathway, and so on. Then, we detected the relationship between pyroptosis-related mRNAs and pyroptosis-related lncRNAs to identify co-expressed lncRNAs. Next, the LASSO regression was conducted to identify OS-related pyroptosis lncRNAs. Twelve lncRNAs were selected for further analysis (Figures 1C, D). The detailed information of lncRNAs for constructing the pyroptosis-related prognostic signature was shown in Table 1. Univariate Cox regression analysis was conducted to analyze the prognostic values of pyroptosis-related lncRNAs in meta-data cohort and validation cohort (Figures 1E, F). The expressions of these 12 lncRNAs were shown in Figure 1G as well.




Figure 1 | Identification of co-expressed pyroptosis-related lncRNAs. (A, B) Circle plots of Gene Ontology (GO) terms and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis for pyroptosis-related genes. The outer circle of circle plots showed a scatter plot for each term of the logFC of the assigned genes. Red circles represented upregulation, and blue ones represented downregulation. (C, D) Identification of overall survival (OS)-related pyroptosis lncRNAs using the least absolute shrinkage and selection operator (LASSO) regression algorithm. (E, F) A forest map showed 12 pyroptosis-related lncRNAs identified by Cox proportional hazards regression in the meta-data cohort and validation cohort. (G) The heatmap of pyroptosis-related lncRNAs based on their expression levels.




Table 1 | The detailed information of lncRNAs for constructing the pyroptosis-related prognostic signature.





Expression Level of Long Noncoding RNAs in Bladder Cancer Cell Lines

We further validated the expression of 12 pyroptosis-related lncRNAs in BLCA cells T24, BIU87, J82, and UMUC3 by qRT-PCR. As shown in Figure 2, we could observe that AL049840.5, AL136084.3, MAFG-DT, and LINC00942 were significantly upregulated in BLCA cell lines compared to those in SV-HUC cells. Meanwhile, the expressions of SNHG18, OCIAD1-AS1, AC008035.1, LINC02195, AC116366.1, and OCIAD1-AS1 were significantly lower in BLCA cell lines. However, no clear trend was noticed in the expression level of AL024508.1 and AC005261.1 in BLCA cell lines.




Figure 2 | The qRT-PCR results of 12 lncRNAs in four bladder cancer cell lines. Notes: (A) qRT-PCR result of AL049840.5; (B) qRT-PCR result of AL136084.3; (C) qRT-PCR result of MAFG-DT; (D) qRT-PCR result of LINC00942; (E) qRT-PCR result of SNHG18; (F) qRT-PCR result of AC005261.1; (G) qRT-PCR result of PSMB8-AS1. (H) qRT-PCR result of AC008035.1. (I) qRT-PCR result of LINC02195. (J) qRT-PCR result of AC116366.1. (K) qRT-PCR result of AL024508.1. (L) qRT-PCR result of OCIAD1-AS1. **P < 0.01. ns, not statistically significant.





Construction of the Risk Assessment Model

The relationship between pyroptosis-related mRNAs and 12 pyroptosis-related lncRNAs was exhibited in Figure 3A. The alluvial diagram was used to visualize the attribute changes of pyroptosis-related mRNAs (Figure 3B). In the meta-data cohort, we found that the highest point of the AUC for each ROC curve was 0.776 (Figure 3C). Next, we observed that AUC values of 1-, 2-, 3-, 4-, and 5-year curves were all over 0.75 (Figure 3D). We collected data of 403 patients with BLCA from TCGA and calculated the risk scores for all of them. Several clinical characteristics including risk score curves were also conducted (Figure 3E). Then, 126 cases were identified as high-risk group, and 277 cases were identified as low-risk group based on the cutoff point confirmed previously. Risk scores and survival status of each patient were depicted in Figure 3F. Obviously, we could observe that patients in the low-risk group showed a significant survival advantage that was consistent with the result of Kaplan–Meier analysis (Figures 3G, H). Similar results were obtained in the validation cohort and the whole cohort (Figure S2).




Figure 3 | Construction of risk signature in the meta-data cohort. (A) The relationship between pyroptosis-related genes (red circle) and lncRNAs (green circle). (B) The alluvial diagram was used to visualize the attribute changes of pyroptosis-related mRNAs. (C) Receiver operating characteristic (ROC) curves were plotted for examining the most predictive efficacy of the signature. (D) Area under the curve (AUC) of time-dependent ROC curves verified the prognostic performance of the risk score. (E) A comparison of 5-year ROC curves with other common clinical characteristics showed the superiority of the riskScore. (F) Distribution of patients in The Cancer Genome Atlas (TCGA) cohort based on the median risk score and survival status for each case. (G) Kaplan–Meier curves of the overall survival (OS) between low- and high-risk groups. (H) Rate of clinical outcome in the low- and high-risk groups.





Relationship Between Clinical Characteristics and Risk Score

Clinical characteristics of the two groups were also exhibited in Figure S3. Clinicopathological characteristics of patients in TCGA-BLCA cohort were displayed in Table 2. We observed that most clinical features were significantly related to the risk score. As well, we found that age [P < 0.001, hazard ratio (HR) = 1.038, 95% CI 1.019–1.056], clinical stage (P < 0.001, HR = 1.941, 95% CI 1.543–2.441), T stage (P < 0.001, HR = 1.744, 95% CI 1.365–2.227), and risk score (P < 0.001, HR = 1.941, 95% CI 1.682–2.240) showed statistical differences by univariate Cox regression analysis in the meta-data cohort and validation cohort (Figures S4A, B). Therefore, based on the C-index values, a nomogram integrating the risk score, age, gender, clinical stage, tumor differentiation, and TNM stage was constructed (Figure S4C). The nomogram-predicted results were consistent with the survival status of the patients (Figures S4D–F). The result of decision curve analysis (DCA) further elucidated that the risk score served as the most exact prognostic indicator among clinical variables in clinical decision-making (Figure S4G).


Table 2 | Clinicopathological characteristics of patients in TCGA-BLCA cohort.



DEGs between high- and low-risk groups were identified and exhibited in Figure 4A. The GO results showed that DEGs were enriched in many metabolic processes, such as steroid and hormone (Figure 4B). The gene set enrichment analysis (GSEA) results showed that mitogen-activated protein kinase (MAPK) signaling, transforming growth factor (TGF)-β signaling, and WNT signaling were with important significance in the high-risk group (Figure 4C).




Figure 4 | Differentially expressed genes (DEGs) between high- and low-risk groups. (A) A heatmap for DEGs between high- and low-risk groups. (B) Gene Ontology (GO) analysis for DEGs. (C) Activated pathways analyzed by gene set enrichment analysis (GSEA).





Estimation of Tumor Microenvironment and Chemotherapeutics

The correlation between immune cells and riskScore was calculated as well (Figure 5A). The immune infiltration results of the two groups were shown in Figure 5B. The proportions of M0 macrophages and M2 macrophages in the high-riskscore group were significantly higher than those in the low-riskscore group. However, the proportion of CD8+ T cells was significantly lower in the high-riskscore group (Figures 5C–E).




Figure 5 | Tumor-infiltrating immune cells and chemotherapeutics. (A) The relationship between immune cells and riskScore. Each color represented a distinct algorithm. (B) The proportions of immune cells in the high- and low-risk groups. (C–E) The proportions of macrophages M0, macrophages M2, and CD8+ T cell in the high- and low-risk groups. (F–H) The half-maximal inhibitory concentration (IC50) of 3 common chemotherapeutic agents (cisplatin, docetaxel, and paclitaxel). (I) The expression of 68 immune checkpoint genes in the high- and low-risk groups. *P < 0.05, **P < 0.01, ***P < 0.001.



Based on the pRRophetic algorithm, we explored the relationship between riskscore and chemoresistance by calculating the half-maximal inhibitory concentration (IC50) of 3 common chemotherapeutic agents (cisplatin, docetaxel, and paclitaxel) for BLCA. We observed that patients in the high-riskscore group were more sensitive to these three chemotherapeutic agents (Figures 5F–H).



Immunotherapy Analysis

Considering the clinical application and benefits of immune checkpoint inhibitors, we identified 68 immune checkpoint genes from a review of the literature (26, 27). We found that the expression of many immune checkpoints showed significant differences between the two groups (Figure 5I). As well, riskscore was observed to be negatively correlated with BTN2A2, BTN3A1, CD276, PDCD1LG2, CTLA4, CD160, TNFRSF14, CD40, CD40LG, LGALS9, CD96, BTN2A1, KIR2DL3, KIR2DL4, HLA-A, HLA-B, HLA-C, HLA-DMA, HLA-E, and HLA-F and positively correlated with TNFSF4 and PVR (Figure 6A). As described in Figure 6B, the scores of  IPS, IPS−PD1 blocker, IPS−CTLA4 blocker, and IPS−PD1 −CTLA4 blocker were lower in the high-risk group. All these results suggested that risk score may be related to immunotherapy.




Figure 6 | Immunotherapy analysis and validation in the original cohort. (A) The correlation between immune checkpoint genes and riskscore. (B) The IPS, IPS-PD1 blocker, IPS–CTLA4 blocker, and IPS–PD1–CTLA4 blocker values in the high- and low-risk groups. (C) The RNA sequencing (RNA-Seq) results of 12 lncRNAs in bladder cancer tissues and normal tissues. *P < 0.05, **P < 0.01, ***P < 0.001.





Validation of Long Noncoding RNAs and Riskscore in the Original Cohort

We used 31 primary BLCA samples and 31 normal bladder tissues for microarray analysis. The clinical characteristics were described in Table 3. The results showed that the expressions of MAFG-DT, SNHG18, and AL024508.1 were higher in tumor tissues, while the expressions of LINC00942, PSMB8-AS1, and AC116366.1 were higher in normal tissues (Figure 6C). Riskscores were also calculated by the same formula. Clinical characteristics of the two groups were also exhibited in Figure S5.


Table 3 | Clinicopathological characteristics of patients in the original cohort.






Discussion

As far as we are aware, our research is the first comprehensive and detailed analysis of pyroptosis-related lncRNAs in BLCA that could contribute to offering a significant basis for future studies.

To begin with, we retrieved raw data of lncRNAs and transcripts from TCGA. The functional analyses indicated that the pyroptosis-related genes were associated with the regulation of cytokine, especially IL-1. Caspase-1, which could initiate pyroptosis, could mediate the maturation and secretion of IL-1 as well (28). The activation of pyroptosis led to the release of the inflammatory mediator IL-1, which promoted the occurrence of cancer in many ways (29). As well, the functional analyses indicated that many pathways such as PPAR signaling pathway, calcium signaling pathway, and PI3K–AKT signaling pathway contributed to the process. It was confirmed that Cyclin A2 and cyclin-dependent kinase dysregulated GSDMD through the inhibition of PI3K–AKT pathway in gastric cancer (30).

Then, we compared the mRNA expression levels of 37 well-accepted pyroptosis-related genes between BLCA and normal tissues. Interestingly, we found that most of these genes were expressed aberrantly, which suggested that pyroptosis contributed to the development of BLCA. Considering the role of lncRNAs, we identified 172 co-expressed pyroptosis-related lncRNAs.

Afterward, we constructed a 12-lncRNA risk signature to explore the relationship between BLCA and pyroptosis-related lncRNAs. Among these selected lncRNAs, updates confirm that some of them may play different functional roles in the progress of cancer. For instance, lncRNAs OCIAD1-AS1, LINC02195, MAFG-DT, AL136084.3, and PSMB8-AS1 were with great prognostic value for BLCA (31–34). As discovered by Sun et al. (35), lncRNA LINC00942 exerted its functions as an oncogene in promoting METTL14-mediated m6A methylation and regulating the expression and stability of its target genes CXCR4 and CYP1B1 in BRCA initiation and progression. Fan et al. (36) found that lncRNA SNHG18 facilitated non-small cell lung cancer growth and metastasis by modulating the miR-211-5p/BRD4 and may be a potential therapeutic target for the treatment.

Not only did we count each AUC value of ROC to get the most accurate model, but also getting the optimal cutoff point distinguished the high- or low-risk group among patients with BLCA. Obviously, patients in the high-risk group showed a significant survival disadvantage by using Kaplan–Meier analysis. Surprisingly, we found that riskscore was related to gender and age. Moreover, patients with high-grade BLCA had significantly higher riskscores than those with low-grade BLCA. The riskscore of patients with different T, N, M, and clinical stage also showed a significant difference that was consistent with prognosis. Therefore, a nomogram integrating these characteristics was constructed that could predict clinical outcomes well.

After identifying differently expressed genes between high- and low-risk groups, GSEA results also showed that the pathways of adherens junction, cell cycle, DNA replication, extracellular matrix (ECM) receptor signaling, epidermal growth factor receptor (ERBB) signaling, focal adhesion, MAPK signaling, TGF-β signaling, and WNT signaling were enriched in the high-risk group. This suggests that pyroptosis-related lncRNAs in BLCA may be related to pathways such as MAPK signaling, TGF-β signaling, and WNT signaling. For example, miR-186-5p suppressed BLCA cell proliferation, migration, invasion, and epithelial-mesenchymal transition (EMT) process by targeting RAB27A/B to inactivate the MAPK signaling (37). Moreover, grape seed proanthocyanidins effectively inhibited the migration and invasion of bladder cancer (BC) cells by reversing EMT through suppression of the TGF-β signaling pathway (38). As Gao and Ji (39) suggested, LINC00707 contributed to the proliferation and metastasis of BLCA by activating Wnt/β-catenin signaling. Pathways such as ECM receptor signaling, ERBB signaling, and focal adhesion were associated with the tumor microenvironment.

The results of immune infiltration analysis indicated that the risk score exhibited a positive correlation with the infiltration of B cells naive, CD4+ T cells, DCs, macrophages M0, and macrophages M2. In a previous study, CD4+ T cells were proven to be more recruited by BLCA cells, which promoted the BLCA metastasis (40). Both DCs and CD4+ T cells were proven related to Bacillus Calmette Guerin (BCG)-induced immune response, which indicated the importance of tumor-infiltrating immune cells in BLCA progression and therapy (41).

Response to immune checkpoint inhibitors [such as cytotoxic T lymphocyte-associated antigen-4 (CTLA4)] is the key to satisfying treatment. However, not every patient could benefit from immunotherapy (42). In our study, we surprisingly observed that the expressions of many immune checkpoint genes, including CTLA4, showed significant differences between the two groups. The riskscore model was negatively correlated with most immune checkpoint genes. As well, the scores of IPS, IPS−PD1 blocker, IPS−CTLA4 blocker, and IPS−PD1−CTLA4 blocker were lower in the high-risk group. It has been reported that IPS was a superior predictor of response to CTLA-4 and anti-PD-1 (43). All results above suggested that our model may be a potential index for evaluating the response to immunotherapy in patients with BLCA. Besides, we also detected the response to chemotherapy sensitivity of patients by calculating IC50 value and screen out candidate small-molecule compounds. Collectively, these discoveries may offer suitable treatment alternatives for BLCA patients.

Overall, our research indicated that pyroptosis is closely connected to BLCA. Moreover, the score based on risk signature generated from 12 pyroptosis-related lncRNAs evaluated this original model via various clinical settings such as TNM stage, clinicopathological characteristics, tumor microenvironment, and chemotherapy. It may offer a significant basis for future studies.
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RNA methylation plays crucial roles in gene expression and has been indicated to be involved in tumorigenesis, while it is still unclear whether m1A modifications have potential roles in the prognosis of hepatocellular carcinoma (HCC). In this study, we comprehensively analyzed RNA sequencing (RNA-seq) data and clinical information using The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases. We collected 10 m1A regulators and performed consensus clustering to determine m1A modification patterns in HCC. The CIBERSORT method was utilized to evaluate the level of immune cell infiltration. Principal component analysis was used to construct the m1A-score model. In the TCGA-LIHC cohort, the expression of all 10 m1A regulators was higher in tumor tissues than in normal control tissues, and 8 of 10 genes were closely related to the prognosis of HCC patients. Two distinct m1A methylation modification patterns (Clusters C1 and C2) were identified by the 10 regulators and were associated with different overall survival, TNM stage and tumor microenvironment (TME) characteristics. Based on the differentially expressed genes (DEGs) between C1 and C2, we identified three gene clusters (Clusters A, B and C). C1 with a better prognosis was mainly distributed in Cluster C, while Cluster A contained the fewest samples of C1. An m1A-score model was constructed using five m1A regulators related to prognosis. Patients with higher m1A scores showed a poorer prognosis than those with lower scores in the TCGA-LIHC and GSE14520 datasets. In conclusions, our study showed the vital role of m1A modification in the TME and progression of HCC. Quantitative evaluation of the m1A modification patterns of individual patients facilitates the development of more effective biomarkers for predicting the prognosis of patients with HCC.




Keywords: HCC, m1A modification, tumor microenvironment, prognosis, biomarker



Introduction

Specific chemical modifications, such as modifications of DNA and proteins, are classical ways of regulating molecular function. Various regulators responsible for regulating protein and DNA modifications are potential targets of cancer treatment (1). Compared with protein and DNA modifications, RNA modification is a new frontier of this area (1). Recently, with the advancement of next-generation sequencing technologies, RNA modifications have gained much attention because they participate in several physiological and pathological processes. To date, more than 150 RNA modifications have been identified (2, 3). Among them, RNA methylation is the most extensively studied type. Many studies have indicated that RNA methylation plays an essential role in diverse physiological processes in human cancers (4). RNA methylation plays crucial roles in gene expression and has been proven to be involved in tumorigenesis by regulating cancer cell proliferation, invasion, metastasis, and drug resistance.

N1-methyladenosine (m1A) is an important posttranscriptional RNA modification that was first discovered in tRNA in 1966 (5). Decades later, m1A was found in tRNA (5), rRNA (6, 7), mitochondrial RNA (8, 9) and mRNA (10). Under the action of a methyltransferase, m1A can be formed by adding a methyl group at the N1 position of adenosine, which blocks Watson-Crick base pairing, affecting transcription and protein-RNA interactions (11). m1A is a dynamic and reversible RNA modification that is mediated by RNA-modifying proteins called “writers” (methyltransferases) catalysing the formation of methylation, “readers” (modified RNA-binding proteins) reading the information of methylation modification, and “erasers” (demethylases) detecting the methylation modification of RNA. Emerging data suggest that m1A regulators play important roles in tumorigenesis and progression. Silencing TRMT10C has been found to inhibit the malignant characteristics of ovarian cancer and cervical cancer tumor cells (12). The writer TRMT6 was reported to be significantly upregulated in hepatocellular carcinoma (HCC) tissues compared to adjacent tissues, and higher expression of TRMT6 was correlated with poor prognosis in HCC patients (13). The eraser ALKBH3 contributes to lung cancer development and correlates with recurrence-free survival in adenocarcinoma (14). However, previous studies have mainly focused on only one m1A regulator in cancer. Therefore, comprehensive analysis of the genetic variations in these m1A regulators and their relationships with the tumor microenvironment (TME) and clinical characteristics will enhance our understanding of the molecular mechanisms of m1A in cancer.

Here, we integrated the gene expression information and clinical data of HCC patients to comprehensively evaluate the genetic variations in 10 m1A regulators, m1A modification patterns, and the association between m1A modification patterns and TME characteristics. Additionally, we generated an m1A model based on m1A regulators and related genes that can quantify the m1A modification pattern in individual patients. The m1A score is closely associated with tumor immune microenvironment (TIME) characterization and displays potential in predicting the prognosis of patients with HCC.



Methods


Data Source and Preprocessing

RNA sequencing (RNA-seq) data and clinical information were downloaded from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas (TCGA) databases. mRNA, single nucleotide variation (SNV), copy number variation (CNV) and clinical data were obtained from the TCGA database (https://portal.gdc.cancer.gov/). The GSE14520 cohort from GEO (https://www.earthobservations.org) was included for further analysis. Patients without complete survival data were excluded from further analysis.



CIBERSORT

CIBERSORT is a machine learning approach for characterizing the cell composition of a tumor biopsy from gene expression data (http://cibersort.stanford.edu) and is a useful method for the high-throughput characterization of various cell types, such as tumor-infiltrating leukocytes (15). Usually, a feature matrix containing 22 functionally defined human immune subgroups (LM22) is used for verification. Here, we used the CIBERSORT method to calculate the proportions of 22 immune cells in the two m1A clusters.



Construction and Validation of a Prognostic Risk Model

First, we identified the differentially expressed genes (DEGs) between distinct m1A clusters. The survival data and DEGs were analyzed by univariate Cox regression analysis. Second, least absolute shrinkage and selection operator (LASSO) Cox regression analysis was utilized to further narrow down the DEGs associated with prognosis. Finally, we performed multivariate Cox regression analysis to establish the prognostic model. The risk score was calculated by summing the risk coefficient of each gene.



Generation of the m1A-Score Model

To quantify the m1A modification patterns of individual patients with HCC, we generated a scoring system named the m1A-score model. The procedures for establishing the m1A-score model were as follows. First, we performed principal component analysis to construct the m1A-score model. Principal components 1 and 2 were used as signature scores for each sample. The calculation formula was as follows:   where i is the expression of the 5 genes (PON1, CFHR3, CAD, NT5DC2 and CDC20) that were screened from the prognostic risk model and related to the m1A clusters.



Single-Sample Gene Set Enrichment Analysis (ssGSEA)

The ssGSEA method is used to calculate an enrichment score that represents the degree of absolute enrichment of a gene set (16). In this study, we performed gene set variation analysis (GSVA) using the GSVA (17) R package and the c2.cp.kegg.v7.0.symbols.gmt gene set. In addition, we used the limma package to perform differential analysis on the results of GSVA. The Pheatmap package was used to draw a heatmap.



Cell Culture

The normal human liver cell line L02 and human liver cancer cell line HepG2 were obtained from the Chinese Academy of Sciences (Shanghai, China). The cell lines were maintained in Dulbecco’s modified Eagle’s medium (DMEM, Gibco USA) supplemented with 10% foetal bovine serum and 1% penicillin. All the cells were cultured at 37°C in a humidified incubator with a 5% CO2 atmosphere.



Quantitative Reverse-Transcription PCR (qRT-PCR)

Total RNA was isolated from the L02 and HepG2 cell lines using TRIzol reagent (Invitrogen) and then reverse transcription was performed using the PrimeScript RT-PCR Kit (Takara, Japan) according to the manufacturer’s instructions. Relative mRNA levels were detected by an ABI7500fast PCR instrument. GAPDH was used as the internal control. The relative expression levels of the m1A-related regulator genes were normalized to the expression of GAPDH, which was calculated using the 2-ΔΔCt method.



Statistical Analysis

The statistical analyses in this study were carried out with SPSS 25 (IBM Corporation, Armonk NY) and R software (version 3.5.1). Student’s t-test was utilized to estimate the differences between two groups. For comparisons of more than two groups, one-way analysis of variance was used. Kaplan–Meier survival analysis and the log-rank test were used to establish survival curves and compare the differences. All P values were two-sided, and P < 0.05 was considered statistically significant.




Results


Features of Genetic Variations in m1A Regulators in HCC

A total of 10 m1A RNA modification regulators (including TRMT10C, TRMT61B, TRMT6/61A, YTHDF1, YTHDF2, YTHDF3, YTHDC1, ALKBH1, and ALKBH3) were included in the current study based on the findings of previously published studies (9, 18, 19). To describe the landscape of genetic alterations in m1A regulators in HCC, we assessed the degree of CNVs of individual m1A regulators. According to the degree of CNVs, CNVs were divided into three types: amplification, diploid and deletion. The proportions of the 10 genes with amplifications and deletions are shown in Table 1. According to the types of CNVs of individual regulators, we further explored the correlation between the expression of each regulator and CNVs, and the results are shown in Figure S1A. Additionally, in the 364 TCGA-liver hepatocellular carcinoma (LIHC) samples, most SNV mutations occurred in the TRMT10C, YTHDF1 and YTHDC1 genes (Figure S1B). All these results suggested that the genetic variations in m1A regulators might lead to expression and functional changes in those regulators that play a critical role in the occurrence, progression and prognosis of HCC.


Table 1 | The proportion of 10 genes related to m1a modification that have undergone amplification and deletion.





Changes in m1A Regulators Were Correlated With the Prognosis of HCC Patients

Among the 10 m1A regulators, there were 4 modification writers, 4 readers and 2 erasers. We explored the expression of the 10 m1A regulators in tumor tissues compared with normal control tissues from the TCGA-LIHC cohort. We discovered that all regulators were more highly expressed in tumor tissues than in normal tissues (Figure 1A). Consistent with the expression in the TCGA-LIHC cohort, a total of 9 genes (Trmt61B, TRMT6, TRMT61A, YTHDF1, YTHDF2, YTHDF3, YTHDC1, ALKBH1, and ALKBH3) were highly expressed in the HepG2 cell line compared with the normal liver cell line L02. The expression level of TRMT10C was not significantly different between the HepG2 and L02 cell lines (Figure 1B). Furthermore, we performed univariate Cox analysis on the 10 genes by extracting clinical information from TCGA-LIHC, and the results showed that 8 of the 10 genes were closely related to the prognosis of HCC patients (Figure 1C). To comprehensively explain the associations among the 10 m1A regulators, we constructed a regulatory network by unsupervised cluster analysis to describe the interactions of m1A regulators and their influence on the prognosis of LIHC patients. These regulator genes were classified into 4 distinct clusters, as illustrated in Figure 1D.




Figure 1 | Changes in m1A regulators were correlated with the prognosis of HCC patients. (A) Expression of 10 m1A-related genes in tumor tissues compared to normal liver tissues from the TCGA-LIHC cohort. (B) Expression of 10 m1A-related genes in the HepG2 cell line compared with the normal cell line L02. (C) Univariate cox analysis of the 10 regulators. (D) Construction of the m1A regulatory network. **P < 0.01, ***P < 0.001; ns, nonsense.





m1A Modification Patterns Mediated by  10 Regulators

We classified patients with different m1A modification patterns based on the expression of the 10 m1A regulators using the ConsensusClusterPlus R package. We set the parameters clusterAlg = “pam” and distance = “euclidean” to determine the optimal number of clusters according to the cumulative distribution function (CDF) and observe the CDF delta from the area curve. When the cluster number was 2, there was a relatively stable clustering result (Figure 2A); thus, we choose k=2 to obtain two distinct m1A clusters (C1 and C2) (Figure 2B). Further analysis of the prognostic characteristics of these two subtypes showed that there were prognostic differences between them, and C1 tended to have a prominent survival advantage (Figure 2C).




Figure 2 | m1A modification patterns mediated by 10 regulators. (A) CDF curve and CDF delta area curve in TCGA-LIHC cohort. (B) Clustering heatmap when consensus k=2. (C) Kaplan-Meier curve of the prognostic relationship between the two clusters in the TCGA-LIHC cohort. (D) Proportions of 22 immune cell components in samples in C1 and C2. (E) Differences in the scores of 10 pathways related to tumor abnormalities in C1 and C2. ***P < 0.001.



To further explore the biological behaviours of the m1A modification phenotypes, we focused on the TME cell infiltration characteristics of different m1A modification patterns. We used the CIBERSORT method to calculate the proportions of 22 immune cells for the two subtypes (Figure 2D). We also compared the score differences of 10 pathways related to tumor abnormalities in the different subtypes. The results showed that C2 patients with a poor prognosis had a higher enrichment score in the 8 pathways of the cell cycle, HIPPO, NOTCH, NRF1, TGF-beta, RAS, TP53 and WNT than C1 patients (Figure 2E). Additionally, we calculated the enrichment scores of 187 pathways for each sample by ssGSEA. The results showed that C1 was enriched in pathways mainly related to metabolism, and C2 was enriched in 18 pathways mainly related to the cell cycle and tumors (Figure S2).



Association of m1A Modification Patterns With Clinical Characteristics of HCC Patients

To reveal the role of m1A modification patterns in the progression of HCC, we compared the various clinical characteristics of distinct patterns. We found that there was no difference in the survival status of patients with modified m1A patterns (Figure 3A, P>0.05). In terms of sex, T stage and stage, there were significant differences in the m1A-modified subtypes (Figures 3B–D, all P<0.05). There was no difference in the grade, N stage, M stage, or age of the m1A-modified subtypes (Figures 3E–H, all P>0.05). This finding suggests that m1A modification patterns might be markedly related to the prognosis and progression of HCC.




Figure 3 | Distribution of m1A-related subtypes in clinical features. (A–H) The survival status, sex, T stage, stage, grade, N stage, M stage, and age of the m1A-modified subtypes. *P < 0.05.





Identification of Gene Clusters Related to m1A Modification Patterns

To determine which genes were associated with the m1A modification patterns, we used the limma package to identify the DEGs between m1A clusters C1 and C2. The volcano map of the DEGs is shown in Figure 4A. Then, we identified three gene clusters (clusters A, B and C) related to the DEGs through unsupervised cluster analysis (Figure 4B). We also found that C1 with a better prognosis was mainly distributed in Cluster C, while Cluster A contained the fewest samples of C1 (Figure 4B). Furthermore, we explored the expression of these 10 genes in the m1A clusters and m1A-related gene clusters (Figures 4C, D). Survival analysis showed that patients in Cluster A tended to have the worst prognosis, and those in Cluster C had the best prognosis (Figure 4E). Then, we performed GSVA on these three gene clusters by calculating the average enrichment score of the pathways in each gene cluster. The top 20 pathways with the largest differences were selected for visualization. The results showed that Cluster A was mainly enriched in nonhomologous end-joining and ribosomes, while Cluster B was mainly enriched in lysine degradation, limonene and pinene degradation, circadian rhythm mammals, and endometrial cancer. Cluster C was enriched in autoimmune thyroid disease, oxidative phosphorylation, Parkinson’s disease, Alzheimer’s disease, Huntington’s disease, RNA polymerase, proteasome, and cardiac muscle contraction (Figure 4F).




Figure 4 | Gene clusters related to m1A modification patterns. (A) Volcano map of the DEGs in m1A Clusters C1 and C2. (B) Heatmap of m1A-related DEG unsupervised clustering. (C) Distribution of 10 m1A regulator genes in C1 and C2. (D) Distribution of 10 m1A regulator genes in gene clusters A, B, and C. (E) Overall survival differences among the three gene clusters. (F) Enrichment pathways of the three gene clusters. ***P < 0.001; ns, nonsense.





Construction of a Prognostic Model  Based on the DEGs Between m1A- Related Gene Clusters

To identify potential prognostic biomarkers among the m1A-related genes, we constructed a prognostic risk model. First, we randomly divided 232 samples from the TCGA-LIHC dataset into a training set (n=162) and a validation set (n=70). The sample information is shown in Table 2. In the training set, 853 DEGs and survival data were analyzed, and 292 genes associated with HCC prognosis were identified by univariate Cox regression analysis. Then, LASSO Cox regression analysis was used to further narrow down the 292 DEGs. The change trajectory of each independent variable is shown in Figure 5A. With the gradual increase in lambda, the number of independent variable coefficients that tended to 0 increased (Figure 5B). The model reached the optimum when lambda = 0.1187. For this reason, we chose lambda = 0.1187, and finally, 5 genes were screened for further analysis. Then, we performed multivariate Cox regression analysis to establish the prognostic model. The risk score was calculated by summing the risk coefficient of each gene. The final risk score formula was as follows: 

	


Table 2 | The sample information in training set and validation set.






Figure 5 | Construction and validation of a prognostic model based on the DEGs between m1A-related gene clusters. (A) The change trajectory of each independent variable. (B) The confidence interval under each lambda. (C–H) Time-dependent ROC curve measuring the predictive value of the five‐gene model in the TCGA training set, TCGA-LIHC validation dataset, and whole TCGA-LIHC dataset. Kaplan-Meier curves for overall survival by the 5-gene model in the TCGA training set, TCGA-LIHC validation dataset, and whole TCGA-LIHC dataset.



Next, we evaluated the sensitivity and specificity of the five-gene model using the area under the curve (AUC) of a time‐dependent receiver operating characteristic (ROC) curve (Figure 5C). The prognoses of the high- and low-risk groups were significantly different (P < 0.0001; Figure 5D). Additionally, to validate the stability of the five-gene-based model in predicting the overall survival of patients with HCC, we assessed the risk model in the TCGA-LIHC validation set and the whole TCGA-LIHC dataset. In TCGA-LIHC validation dataset, the AUCs at 1, 3, and 5 years were 0.71, 0.69, and 0.74, respectively (Figure 5E), and the high-risk group presented a significantly poorer prognosis than the low-risk group (Figure 5F). Similarly, the five-gene model also showed excellent predictive efficiency, and the prognosis was poorer for high-risk patients than for low-risk patients in the whole TCGA-LIHC dataset (Figures 5G, H).



Generation of the m1A-Score Model

The above results suggested the impact of m1A-related genes on the prognosis of patients with HCC. To systematically analyse this impact on individuals, we established a scoring system named the m1A-score model. First, we performed principal component analysis to construct the m1A-score model. Principal components 1 and 2 were used to calculate the signature scores for each sample. The calculation formula was as follows:   where i represents the expression of 5 genes (PON1, CFHR3, CAD, NT5DC2 and CDC20). We assessed the m1A-score value of each sample based on the expression levels of these 5 genes in the sample. Then, we performed ROC analysis for the prognostic classification of the m1A score model (Figure 6A). The results of survival analysis showed that the prognosis of patients in the high- and low-risk groups was different (Figure 6A). To further determine the robustness of this model, the TCGA training dataset and GSE14520 dataset were analyzed. Consistent with the results of the TCGA-LIHC training dataset, patients with high m1A scores tended to have poorer survival than patients with low m1A scores, and the AUC values were all above 0.6 for the entire TCGA-LIHC dataset (Figure 6B) and the GSE14520 dataset (Figure 6C). The evidence collectively suggested that the m1A-score model may be a stable scoring tool for predicting the survival of HCC patients.




Figure 6 | Generation of the m1A-score model. (A–C) Time-dependent ROC analysis and Kaplan-Meier analysis of the five-gene model in the TCGA-LIHC training dataset, entire TCGA-LIHC dataset, and GSE14520 dataset.





Correlation Analysis of Immune Regulation and the m1A Score

To further investigate the association between the m1A score value and the TME of HCC, we evaluated the levels of immune cell infiltration and the expression of immune checkpoint genes in distinct m1A score groups. We found that approximately 31.82% of the 22 immune cells were significantly different between the two groups using the CIBERSORT method (Figure 7A). Then, the expression of 37 immune checkpoints published in a previous study (20) was assessed in the two groups (Figure 7B). The results showed that approximately 56.76% (21) of the 37 immune checkpoints had significant differences. For example, the high-m1A score group showed higher expression levels of CD200, NRP1, LAIR1, TNFSF4, ICOS CTLA4, HAVCR2, CD276, PDCD1, LGALS9, IDO1, CD70, TNFSF9, TNFRSF9, TNFSF18, TNFSF15, CD86, and CD44 (Figure 7B), whereas the lowm1A score group was more correlated with high expression of IDO2. The results above indicate that the patients in the high-m1A score group may respond poorly to immune checkpoint drugs, which needs to be further researched.




Figure 7 | Correlation analysis of immune regulation and the m1A score. (A) Distribution of 22 types of immune cells in the high- and low-m1A score groups. (B) Expression of 37 immune checkpoints in the high- and low-m1A score groups. *P < 0.05, **P < 0.01, ***P < 0.001.





Predictive Performance of the m1A-Score Model in Clinical Application

After confirming the correlation of the m1A score and TME cell infiltration characteristics, it was subsequently investigated whether the scoring model could be applied to predict the prognosis of patients with different clinical features. We found that the m1A score was markedly correlated with prognosis in patients older than or younger than 60 years of age, of different sexes, and with different TNM stages, grades and stage statuses (Figure S3, all P<0.01).



The m1A-Score Model Might Serve as an Independent Prognostic Biomarker in Clinical Application

To identify whether the m1A-score model could serve as an independent biomarker for prognosis, we performed univariate and multivariate Cox regression analyses of clinical data to assess the relevant hazard ratios (HRs) and 95% confidence intervals (CIs) in the entire TCGA-LIHC dataset. The results of univariate regression analysis revealed that the m1A score was significantly related to survival (Figure 8A). Multivariate Cox regression analysis showed that the m1A score was an independent risk factor for prognosis (Figure 8B). The above findings showed that the m1A-score model has good predictive performance for the prognosis of patients in clinical application.




Figure 8 | The m1A-score model might serve as an independent prognostic biomarker in clinical application. (A, B) Univariate regression analysis and multivariate regression analysis of the m1A score in the whole TCGA-LIHC cohort. (C) Clustering of correlation coefficients between KEGG pathways with a risk score correlation greater than 0.4. (D) KEGG pathway analysis with a risk score correlation greater than 0.4. As the m1A score increases, the ssGSEA in each sample changes in score.





Association Between the m1A Score and KEGG Pathways

To explore the correlation between biological behaviours and different m1A scores, we performed functional annotations of TCGA-LIHC samples using ssGSEA via the GSVA R package. After we obtained the ssGSEA score for different functions in each sample, we further explored the correlation between these functions and the m1A score (correlation coefficient >=0.4). Finally, a total of 36 KEGG pathways were negatively correlated with the sample m1A scores (for example, peroxisome), and 2 pathways (including cell cycle and spliceosome) were positively correlated with the sample m1A scores (Figure 8C). Cluster analysis based on the 36 KEGG pathways was performed according to their enrichment scores. We found that the pathways of the cell cycle and spliceosome increased with increasing m1A scores (Figure 8D).




Discussion

m1A regulators govern m1A RNA methylation functions. Some research groups have reported that m1A regulators play important roles in the progression of tumorigenesis. In this study, we described the genetic variations in m1A regulators in HCC and found that the changes in m1A regulators were correlated with the prognosis of HCC patients. Similarly, Shi et al. (18) observed a high mutation frequency in the 10 m1A regulators using TCGA-LIHC dataset and identified four regulators that were significantly correlated with prognosis. In ovarian cancer, Liu et al. (21) found that three different m1A modification patterns which could predict patient survival, stage and grade. In pancreatic cancer, m1A regulator genetic variations are related to clinical stage, and CNVs are closely associated with the expression of m1A regulators. Notably, the expression level of ALKBH1 is closely associated with the prognosis of patients with pancreatic cancer (22). Li et al. (23) systematically analyzed the association of the molecular alterations of m1A regulators and the clinical data of 33 cancer types from the TCGA. This group found that m1A regulatory protein expression was correlated with various carcinogenic pathways and patient overall survival, indicating that m1A regulators have the potential for prognostic prediction in many types of cancer and may now provide new treatment strategies (23).

Increasing evidence has revealed that RNA methylation modifications influence the formation of the TME and the immune cell-infiltrating characteristics of the tumor; thus, the association between the RNA modification represented by m6A and the TME has aroused extensive interest from researchers (24). Zhang et al. (25) identified three m6A modification patterns and found that the immune cell-infiltrating features under these three patterns were highly consistent with the well-known immune phenotypes, namely, the immune-inflamed, immune-desert and immune-excluded phenotypes. In colon cancer, Chong et al. (26) also identified three m6A modification patterns, and those patterns were highly consistent with the three immune phenotypes, suggesting that m6A was correlated with the diversity and complexity of the TME. Yi et al. (27) reported that m6A regulators were significantly correlated with PD-L1 expression and distinct immune cell infiltration in head and neck squamous cell carcinomas. The association between m6A modification patterns and the TME was also assessed in lung adenocarcinoma and gliomas (28, 29). Nevertheless, the role of m1A in the TME is still unclear. Here, we identified 2 distinct m1A modification patterns (Clusters 1 and 2) based on the expression of 10 m1A regulators. We extracted clinical information from TCGA-LIHC and found that patients in Cluster 1 had longer overall survival times than those in Cluster 2. We also compared the immune cell infiltration characteristics of different m1A modification patterns using the CIBERSORT method. After construction of the m1A-score model, we evaluated the immune cell infiltration levels and expression of immune checkpoint genes in distinct m1A score groups. We found that several of the 22 immune cells were significantly different between the two groups. In addition, the expression of 37 immune checkpoints was significantly different between the two groups. These results might enhance our understanding of the function of m1A modification in the formation of a complex TME in HCC.

Here, we not only identified the m1A modification patterns of HCC samples from the TCGA and GEO databases but also constructed the m1A-score model and systematically analyzed its impacts on individuals. The results of ROC and survival analyses indicated that the m1A-score model could serve as a stable scoring tool for predicting the survival of HCC patients. Additionally, analysis of the clinical information of the entire TCGA-LIHC dataset to determine the HR showed that the m1A-score model was an independent biomarker for prognosis in clinical application. Conclusively, evaluating the m1A modification patterns of individual patients with HCC will enhance our understanding of the characteristics of TME infiltration and provide novel ideas for prognostic biomarkers and therapeutic strategies.



Conclusion

We identified two distinct m1A modification patterns which were associated with different overall survival and TME characteristics of patients with HCC. In addition, we constructed an m1A-score model to quantitatively evaluate the m1A modification patterns of individual patients which might be served as effective biomarkers for predicting the prognosis of patients with HCC.
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Programmed cell death (PCD) plays an important role in the onset and progression of various cancers. The molecular events surrounding the occurrence of abnormally expressed long noncoding RNAs (lncRNAs) leading to colon cancer (CC) have become a focus. We comprehensively evaluated the roles of PCD-related lncRNAs in the clinical management of CC and their immune responses. Therefore, we screened 41 prognostic PCD-related lncRNAs in The Cancer Genome Atlas database using co-expression analysis and assigned patients to groups according to the results of cluster analysis. The immune response and functions of cluster 2 were substantially suppressed, which might explain the poor prognosis in this group. A prognostic model comprising eight PCD-related lncRNAs was developed, and its effectiveness was verified using an external database. High-and low-risk groups had different epigenetic modifications and changes in immune cell infiltration. Patients in the high-risk group were resistant to immunotherapy and various chemotherapeutic drugs. Studies in vitro and in vivo further confirmed a carcinogenic role of the lncRNA U62317.4. Our findings of the prognostic value of PCD-related lncRNAs revealed their important roles in immune response disorders, thus providing valuable insights into the clinical management and molecular mechanisms of CC.
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Introduction

Among gastrointestinal malignancies, colon cancer (CC) is the second most common cause of tumor-related deaths worldwide (1). An increasing incidence (2) and high mortality rates has led to CC becoming a serious threat to human health (3). Research data show that the 5-year survival rate of early colon cancer (85%-90%) is much higher than that of advanced colon cancer (<14%) (4, 5), however, the clinical management of colon cancer has not yet achieved satisfactory results. Therefore, it is urgent to develop a new biological Markers for prognostic assessment and clinical management of patients.

Cancer cells utilize the immunosuppressive network and create a tumor microenvironment (TME) that allows them to evade host immune surveillance and the potent antitumor activity of immune cells. Numerous cell death processes are initiated in the TME as a result of normal biological responses, external stimuli, or responses to treatment. Apoptosis, pyroptosis, and ferroptosis play important roles in immunogenic cell death (6, 7). Apoptosis is the traditional mode of programmed cell death (PCD) that consists primarily of a mitochondria-mediated intrinsic pathway and an extrinsic pathway involving death receptors (8). Its characteristic features are cell shrinkage, chromatin agglutination, and apoptotic body formation (9). Pyroptosis is a recently-discovered, iron-dependent, novel mode of PCD characterized by continuous cell expansion until the cell membrane ruptures, releasing cellular contents and activating an intense inflammatory response. Pyroptosis is an important part of the natural immune response that plays important roles in combating infections and malignancies (10). Ferroptosis is a novel iron-dependent mode of PCD. The main mechanism is the catalyzed lipid peroxidation of abundant unsaturated fatty acids on the cell membrane by ferrous ions or ester oxygenases, which induces cell death (11). The resulting immune response to changes in the death activities of TME components can affect tumor development and the efficiency of anticancer therapeutics (12, 13).

Long noncoding RNAs (lncRNAs) comprise > 200 nucleotides and they influence many disease processes such as tumors (14, 15) and regulate PCD. For example, the lncRNA HOTAIR-miR-20a-5p-HMGA2 axis plays an important role in the growth, migration, invasion, and apoptosis of breast cancer cells (16). The lncRNA, HOTTIP, inhibits cell pyrolysis in ovarian cancer by targeting the microRNA (miR)-148a-3p/AKT2 axis (17). Furthermore, LINC00336 inhibits ferroptosis during carcinogenesis by interacting with Embryonic Lethal, Abnormal Vision, Drosophila, Homolog-Like 1 to reduce intracellular levels of iron and lipid reactive oxygen species (18). However, only a few biological functions of lncRNAs have been conclusively verified. The clinical significance of most lncRNAs, especially those associated with PCD, remains unclear. Therefore, exploring and understanding the role(s) of PCD-related lncRNAs in CC are important to improve the diagnosis and prognosis of patients.

We analyzed the roles of PCD-related lncRNAs in the prognosis of CC patients and their correlations with clinicopathological characteristics; we then verified the accuracy of our prognostic model using external databases. We also explored the correlations between PCD-related lncRNAs and the TME, immune checkpoint genes, tumor mutation burden (TMB), immunotherapy, and chemotherapeutic drug sensitivity. Thereafter, we analyzed the biological functions of lncRNA U62317.4 in CC in vitro and in vivo. Our findings will provide the basis for new ideas regarding the prognosis and treatment of CC patients.



Materials and Methods


Data Processing and Screening of PCD-Related Genes

Transcriptome sequencing data and clinical information on CC patients were downloaded from The Cancer Genome Atlas (TCGA) (https://www.cancer.gov/tcga/). Patients with incomplete clinical pathological information and missing survival data were excluded. We finally followed up 436 CC patients. We downloaded RNA-seq TCGA transcriptome data in a standardized fragment format per kilobase exon model per million mapped reads. Supplementary Table S1 shows the clinical information of all patients.



Identification of PCD-Related lncRNAs

To obtain the lncRNA expression profiles, we mapped TCGA sequencing data to lncRNA annotation files in the GENCODE database (http://www.gencodegenes.org) and eliminated lncRNAs with no expression in > 20% of samples. We screened PCD-related lncRNAs in TCGA-Colon Adenocarcinoma (COAD) data using Spearman correlation analyses based on correlation coefficients > 0.3 and P < 0.05 (Supplementary Table S2). The top 10 lncRNAs for differential PCD genes were visualized using Cytoscape to explore the prognostic value of PCD-related lncRNAs, and those with prognostic value were screened using univariate Cox regression analysis. The expression of PCD-related lncRNAs in CC and normal tissues was analyzed using Wilcoxon signed-rank tests.



Analysis of CC Subtypes Defined by PCD-Related lncRNAs

We used the ConsensusClusterPlus package in R to determine the number of consistent clusters based on the expression PCD-related prognostic lncRNAs and their potential biological characteristics. Prognostic value and clinicopathological characteristics in subgroups were analyzed using Kaplan–Meier (KM) survival analysis and log-rank tests.



Biological Functions and Immune Infiltration Level Analysis Among Different Subgroups

Differential genes among subgroups were screened using the limma package in R with the following criteria: |logFC| ≥ 0.5 and a false discovery rate (FDR) < 0.05 (Supplementary Table S3). Differentially expressed genes (DEGs) among subgroups were analyzed using Gene Ontology (GO), the Kyoto Encyclopedia of Genes and Genomes (KEGG), clusterProfiler, org.Hs.eg.db, and the enrichplot package in R to determine their biological functions. Differences in tumor signal pathways between patients in clusters 1 and 2 were screened via Gene Set Enrichment Analysis (GSEA) using FDR < 0.05 as the criterion.

We calculated immune and stromal scores in CC to compare immune infiltration between the subgroups using the ESTIMATE algorithm. The abundance of immune cells was determined using TIMER (19), CIBERSORT (20, 21), QUANTISEQ (22), Microenvironment Cell Populations-counter (MCPCOUNTER) (23), XCELL (24), and the Estimating the Proportion of Immune and Cancer cells (EPIC) algorithm (25). Immune pathways in groups were quantified using the GSVA package in R. Differences in immune checkpoints between subgroups were evaluated using Wilcoxon tests.



Construction of PCD-Related lncRNA Risk Model of CC

We constructed a prognostic model by screening eight PCD-related lncRNAs and then optimized readability using the LASSO regression algorithm based on their expression and corresponding risk coefficients. The formula was calculated as follows:

	

The training and validation sets were divided into high- and low-risk groups based on the median risk score. The overall survival (OS) of patients was assessed using KM curves and log-rank tests. The effectiveness of the model was evaluated using receiver operator characteristic (ROC) curves. Whether risk scores and clinical characteristics were independent prognostic factors for patients were evaluated using univariate and multivariate Cox analyses. Differences in risk scores, immune scores, and clinicopathological characteristics were assessed using Wilcoxon tests. We used the RMS package in R to integrate clinical characteristics with risk scores and construct a nomogram and calibration curve to realize a quantitative prognostic tool. Consistency between the prognostic assessment by the nomogram and actual results was evaluated using a calculation with a guide method that included 1,000 resamples. The diagnostic power of the nomogram and individual predictors was evaluated using ROC curves. The clinical benefits conferred by prognostic evaluation of the nomogram and a single predictor were further compared using decision curve analysis (DCA).



Analysis of TMB and Gene Copy Number Variation Among Subgroups

Somatic CC mutation data were retrieved from TCGA (https://www.cancer.gov/tcga/). The TMB was calculated by dividing the total number of mutations by the size of the coding region of the target gene. Patients were classified as having high or low TMB based on the median value. We also visualized the top 20 genes with the highest mutation frequency in high- and low-risk groups using the maftools package in R. Copy number variations (CNV) between subgroups were calculated using Chi-square tests, and the positions of CNVs on the chromosome were visualized using the Rciorcos package in R.



Immunotherapy and Targeted Drug Screening

The sensitivity of subgroups of patients to immunotherapy was assessed using http://tide.dfci.harvard.edu. Based on the Genomics of Drug Sensitivity in Cancer (https://www.cancerrxgene.org), we used the pRRophetic package in R to evaluate the sensitivity of patients to chemotherapeutic agents and visualized the three-dimensional (3D) molecular structure of each agent using the cMAP database (https://clue.io/cmap).



Source of Clinical Samples

We collected CC tumor and adjacent cancerous tissue from patients who underwent CC resection between 2016 and 2021 at the Colorectal Cancer Center of Shanghai Tenth People’s Hospital. After excluding patients with incomplete clinical data, 96 were included in the follow-up analysis. The study was approved by the Ethics Committee at Shanghai 10th People’s Hospital.



Extraction of RNA and Real-Time Quantitative Polymerase Chain Reaction (RT-qPCR)

Total RNA from tissues or cells was extracted using TRIzol reagent (Invitrogen, Carlsbad, CA, USA) and quantified using a Nanodrop 2000 spectrophotometer (Thermo Fisher Scientific Inc., Waltham, MA, USA). Total RNA was reverse transcribed to cDNA using the PrimeScript™ RT Reagent Kit (Takara Bio Inc., Kusatsu, Japan). Amplicons were quantified using a 7500 Fast Real-time PCR system (Applied Biosystems, Piscataway, NJ, USA). The relative expression (fold change) of the target genes was determined using the 2-ΔΔCT method. Glyceraldehyde 3-phosphate dehydrogenase was the internal control. Supplementary Table 4 shows the sequences of the RT-qPCR primers (Beijing Qingke Biotech Ltd., Beijing, China).



Cell Culture and Transfection

Human HCT-116 and SW480 CC cell lines (American Type Culture Collection, Manassas, VA, USA) were cultured in Dulbecco’s modified Eagle’s medium containing 10% fetal bovine serum (FBS; both from Thermo Fisher Scientific Inc., Waltham, MA, USA) with 1% streptomycin and penicillin, at 37°C under a humidified 5% CO2 atmosphere.

Cells were transiently transfected using Lipofectamine 2000 (Invitrogen) as described by the manufacturer. Small interfering RNA (siRNA) was purchased from GenePharma (Shanghai, China) The sense and anti-sense si-U62317.4 sequences were: 5′-GAAGAGAAGGACAAGUUGACG-3′ and 5′-UCAACUUGUCCUUCUCUUCUG-3′, respectively. We created a stable knockout U62317.4 cell line using short hairpin RNA (shRNA) targeting U62317.4 (sh-U62317.4; General Biosystems, Anhui, China) with the sense and anti-sense sequences, 5′-GATACTTGATCCTGATAAA-3′ and 5′- TTTATCAGGATCAAGTATC-3′, respectively.

Lentiviral particles were obtained as described (16). HCT-116 cells were directly infected with Polybrene (Santa Cruz Biotechnology, Dallas, TX, USA) for 24 h and then, transfected cells were screened for 7–10 days with 2 μg/mL of puromycin (Invitrogen).



Cell Proliferation and Colony Analysis

We transfected HCT-116 or SW480 cells for 48 h and then seeded 1 × 103 cells/well in 96-well plates. After 24, 48, and 72 h, the cells were incubated with CCK-8 reagent (10 µL) in serum-free medium (100 µL) for 2 h at 37°C. The optical density at 450 nm was measured using a microplate reader. Similarly transfected CC cells were seeded in six-well plates and cultured in DMEM medium containing 10% FBS for 7 days to analyze colony formation. The cells were then fixed with paraformaldehyde and stained with 0.1% crystal violet. Colonies were counted using ImageJ software.



Cell Invasion, Migration, and Wound Healing Assay

Cell invasion and migration were measured using Transwell chambers (Corning CoStar, Tewksbury, MA, USA). Cells (4 × 104) were resuspended in serum-free medium and added to the upper part of Matrigel®-coated chambers. Medium (500 µL) containing 10% FBS was added to the lower chamber. The cells were fixed with paraformaldehyde 48 h later and stained with 0.5% crystal violet. Cells that passed through the bottom of the membrane were assessed and counted using a microscope. The cells were resuspended in serum-free medium and seeded in six-well plates until they reached 100% confluence, when they were damaged by being gently scratched with a 200-μL sterile micropipette tip for wound healing assays. Representative images of cell migration were acquired after 0, 24, and 48 h, and the cell migration rate was determined by time-lapse analysis using ImageJ software.



Cell Apoptosis Assay

We assayed apoptosis using Flow Apoptosis Kits (BD Biosciences, San Diego, CA, USA) as described by the manufacturer. Briefly, digested cells were washed twice with cooled PBS and stained using FITC Annexin V apoptosis detection kits (BD Biosciences); thereafter, cell populations were evaluated using a BD LSRFortessa™ analyzer (BD Biosciences).



Tumor Xenotransplantation

Four-week-old female BALB/C nude mice were randomly assigned to two groups (n = 5 per group) to determine tumor formation in vivo. CC cells stably transfected with sh-normal control (NC) or sh-U62317.4 were implanted subcutaneously into the axillae of nude mice. One week after injection, tumor volumes (cm3) were measured every 3 days as (length × width2)/2. The mice were euthanized 21 days later, and tumors were removed and weighed. The Animal Experiment Ethics Committee of Tongji University approved all the animal experiments.



Western Blotting

Proteins were collected from CC cells in RIPA lysis buffer (Invitrogen) containing phenylmethylsulfonyl fluoride (PMSF; Bio-Rad Laboratories Inc., Hercules, CA, USA). Proteins were resolved by 10% sodium dodecyl sulfate-polyacrylamide gel electrophoresis and then transferred onto polyvinylidene difluoride membranes (Invitrogen). Non-specific antigen binding was blocked by shaking the membranes in 5% skim milk for 2 h at 37°C. Thereafter, the membranes were incubated with primary antibody overnight at 4°C, followed by secondary antibody for 2 h. The blots were visualized and analyzed using the Odyssey system (LI-COR Biosciences, Lincoln, NE, USA). Supplementary Table 5 shows details of the antibodies.



Statistical Analyses

Data were statistically analyzed, and images were generated using R and GraphPad Prism 8.03 (GraphPad Software Inc., San Diego, CA, USA). The Wilcoxon signed-rank and Kruskal-Wallis tests were used for between-group comparisons. Values with P < 0.05 were considered statistically significant.




Results


Consensus Clustering in CC Identified Prognostically Distinct Clusters Based on PCD-Related lncRNAs

Figure 1 shows a flow chart of the study. We initially re-annotated TCGA expression matrix to distinguish between mRNAs and lncRNAs and identified 199 genes related to PCD among which, 33, 52, and 114 were associated with apoptosis (26), pyroptosis (9, 27), and ferroptosis (28). Figures 2A–C shows that the expressions of most PCD-related genes significantly differed between CC and normal tissues. We then screened the lncRNAs that were the most closely associated with the expression of these genes using correlation analysis. Among the 437 PCD-related lncRNAs, 85, 161, and 297 were associated with pyroptosis, apoptosis, and ferroptosis, respectively (Figures 2D–F). Univariate Cox analysis of the screened PCD-lncRNAs identified 41 PCD prognosis–related lncRNAs (Figures 3A, B). Differential analysis showed that the expression of these lncRNAs significantly differed between tumor and normal tissues (Figure 3C). Consensus clustering based on the expression of these lncRNAs revealed biological differences among different CC subgroups. Combining the consensus matrix cumulative distribution function curve and the delta area plot showed that interference between clusters was minimal and the classification was significant when K = 2 (Figures 3D–F). KM survival curves showed that the OS rate was significantly better for cluster 1 than that cluster 2 (Figure 3G). We then constructed a heat map to compare the clinical characteristics between these subgroups and found high scores for T stage, lymphatic metastasis, and tumor stage in cluster 1 (Figure 3H).




Figure 1 | Flow chart of the study.






Figure 2 | Long noncoding RNAs (lncRNAs) associated with PCD in colon cancer. (A–C) Expression levels of PCD-related genes in TCGA-COAD cancer database in CC and normal groups. (A) Pyroptosis- (B) apoptosis-, and (C) ferroptosis-related genes. (D–F) Top 10 lncRNAs in TCGA-COAD database associated with differentially expressed PCD genes. (D) Pyroptosis-, (E) apoptosis-, and (F) ferroptosis-related lncRNAs. CC, colon cancer; COAD, colon adenocarcinoma; PCD, programmed cell death; TCGA, The Cancer Genome Atlas. *P < 0.05, **P < 0.01, ***P < 0.001, ns, non-significant.






Figure 3 | Consensus cluster analysis of PCD-related lncRNA in colon cancer. (A) Prognostic value of 41 PCD-related lncRNAs. (B) Relationships among prognostic-related lncRNA, mRNA, and type of death. (C) Expression of PCD prognostic-related lncRNA in CC and normal tissues. (D–F) Cumulative distribution function. (D) change in area under the CDF curve, (E) for k=2-9, (F) Consensus clustering matrix for k = 2. (G) Kaplan–Meier survival analysis of patients in clusters 1 and 2. (H) Clinicopathological characteristics and lncRNA expression in clusters 1 and 2. CC, colon cancer, CDF, cumulative distribution function; PCD, programmed cell death. *P < 0.05, **P < 0.01, ***P < 0.001.





Analysis of Biological Functions Between CC Subgroups

The survival results revealed evident prognostic differences between the CC subgroups. To explore the potential reason for this, we analyzed DEGs in the subgroups using GSEA, GO, and KEGG. The GSEA results showed that the immune-related B cell receptor, chemokine, JAK-STAT, T cell receptor, and Toll-like receptor signaling pathways were abnormally activated in cluster 1 (Figure 4A). The GO results showed that the DEGs were involved in several immune-related functions, which was consistent with the GSEA findings (Figures 4B–D). The KEGG analysis showed that the DEGs were primarily involved in cell growth, chemokines, cytokines, and phagosomes related to signaling pathways (Figure 4E).




Figure 4 | Analysis of the biological function of differentially expressed genes (DEGs) in different clusters. (A) KEGG enrichment of cluster 1 and cluster 2 by GSEA. Only gene sets with FDR q < 0.05 were considered significant. (B) Biological process (BP) analysis of DEGs. (C) Cellular component (CC) analysis of DEGs. (D) Molecular function (MF) analysis of DEGs. (E) KEGG pathway enrichment analysis of DEGs. Only gene sets with FDR q < 0.05 were considered significant.





Analysis of the Tumor Immune Microenvironment and Immune Checkpoint Genes Clusters 1 and 2

Considering that the DEGs were primarily related to immune-related functions, we examined the immune cell distribution in the immune microenvironment of CC. The amounts of immune cell infiltration differed between clusters 1 and 2 (Figure 5A). Cluster 1 had abundant memory CD4 T cells and eosinophils, whereas cluster 2 had more follicular helper T and resting natural killer (NK) cells (Figures 5B–E). We further explored differences in the distribution of immune and stromal ratios between the two clusters using the ESTIMATE algorithm. Figures 5F–H shows that cluster 2 had lower immune, stromal, and ESTIMATE scores than those of cluster 1. A comparative analysis revealed fully suppressed immune function in cluster 2 (Figure 5I). Considering the importance of immune checkpoints in immunotherapy, we analyzed the expression of immune checkpoints in the two clusters and found that all immune checkpoint genes except the TNF Receptor Superfamily Members (TNFRSF) 25 and 14 were significantly suppressed in cluster 2 (Figure 5J). Thus, the lower OS rate of patients in this cluster might have been due to suppressed immune function.




Figure 5 | Analysis of the immune microenvironment and immune functions in different clusters. (A) Panoramic view of immune microenvironment in different clusters. (B–E) CIBERSORT analysis of differences in immune cells among clusters, only P < 0.05 was considered statistically significant. (F–H) Immune, stromal and ESTIMATE scores among subgroups. (I) Immune function scores in different clusters. (J) Expression of immune checkpoints in clusters. *P < 0.05, **P < 0.01, ***P < 0.001.





Construction of a PCD-Related lncRNA Prognostic Model for CC Patients Using TCGA

LASSO Cox analysis of PCD prognosis–related lncRNAs in TCGA identified the filter genes AC004080.1, AC078923.1, AC114730.3, AC156455.1, long intergenic non-protein coding RNA 1419 (LINC01419), LINC00997, NF-kappaB interacting lncRNA (NKILA), and U62317.4 with which to construct a prognostic model. Risk scores were calculated based on the regression coefficients and expression of these eight genes (Figures 6A–C). The risk formula was 0.5023 * expression (U62317.4) + 0.3836 * expression (AC078923.1) + 0.0082 * expression (AC114730.3) + 0.075 * expression (LINC00997) + 0.1341 * expression (NKILA) + 0.1278 * expression (AC156455.1) + 0.0195 * expression (LINC01419) + 0.1131 * expression (AC004080.1). To improve the accuracy and effectiveness of the prognostic model, we randomly assigned the patients to training (N = 260) and test (N = 176) groups and then divided them into high-and low-risk groups according to the median risk score. The KM survival curves indicated worse OS for patients in the training group with high risk scores than those with low risk scores (Figure 6D). The risk curves indicated a significantly higher death rate among patients with high risk scores than those with low risk scores (Figure 6G). The ROC curves showed that the prognostic model accurately predicted the 1, 3, and 5-year survival rates of CC patients (Figure 6J). This model was further verified in the test group (Figures 6E, H, K) and the entire TCGA database (Figures 6F, I, L). These findings indicated that our prognostic model is unbiased and can be used as a reference tool for predicting the OS rate of CC.




Figure 6 | Programmed cell death (PCD)-related lncRNA risk prognostic model. (A) Coefficient spectrum of PCD-related lncRNAs. (B) Trajectory of correlation coefficients of factors increasing with Log λ. (C) Coefficients of eight PCD-related lncRNAs. Kaplan–Meier survival curves in TCGA training (D), test (E), and entire (F) sets. Distribution of risk scores and survival status in training (G), test (H), and entire (I) sets. evaluation of prognostic model effectiveness in training (J), test (K), and entire (L) sets.





Analysis of Independent Factors and Clinicopathological Correlations of the Prognostic Model

We further confirmed the independence of the CC prognostic model using univariate and multivariate Cox analyses. Figures 7A, B shows that age (hazard ratio [HR], 1.042; 95% confidence interval [CI], 1.019–1.067; P < 0.001) and risk score (HR, 1.493; 95% CI, 1.346–1.655; P < 0.001) were independent prognostic factors for CC patients. We then evaluated the relationship between the risk score and PCD prognosis–related lncRNA. A heatmap showed significantly increased expression of all eight PCD-related lncRNAs in the high-risk group (Figure 7C). Risk scores were statistically different in cluster stratification, tumor stage, and lymph node metastasis (Supplementary Figure 1A). In addition, risk scores could assess the prognosis of patients in multiple clinical subgroups, except for patients in the T1-2 group (Supplementary 1B). We constructed a nomogram that included patient age, sex, tumor stage, distant metastasis, lymph node metastasis, and risk score to accurately quantify survival rates (Figure 7D). The calibration curves showed that the actual 1-, 3-, and 5-year OS rates of patients and those estimated by the nomogram were close (Figure 7E). The areas under the ROC curve (AUC; Figure 7F) revealed that the 1, 3, and 5-year survival rates determined by the nomogram were accurate (AUC = 0.820 0.824, and 0.838, respectively). The DCA decision curve showed that the net rate of return for the OS rates assessed by the combined model was better than other clinical characteristics (Figures 7G–I). The ROC curve also showed that the combined model was more sensitive than other clinical features (Figures 7J–L). These results showed that our nomogram can help clinicians plan accurate follow-up strategies.




Figure 7 | The risk model constructed using programmed cell death (PCD)-related lncRNAs is an independent prognostic factor for colon cancer. Cox univariate (A) and multivariate (B) analyses of clinical characters and risk scores. (C) Heat maps of correlations among clinical characteristics, immune score clusters, and risk scores. (D) Nomogram for clinical prognosis assessment. (E) Calibration curve to evaluate nomogram accuracy. (F) Assessment of prognostic effect of nomogram. (G-I) Evaluation of clinical benefits of nomogram. (J-L) Comparison of prognostic efficacy of single prognostic factor and nomogram. *P < 0.05, ***P < 0.001.





Analysis of Functional Enrichment and Immune Cell Infiltration Levels in High- and Low-Risk Groups

We explored the potential biological functions of and signaling pathways enriched by the DEGs in the high- and low-risk groups (Supplementry Table 6). The GO results showed that DEGs were significantly enriched in the processes of epithelial-mesenchymal transition, Wnt signaling pathway regulation, and cytokine stimulation (Supplementary Figure 2A). The KEGG results revealed that DEGs were primarily involved in Wnt, Hippo, extracellular matrix-receptor interactions, transforming growth factor-beta, and cytokine-cytokine receptor interaction signaling pathways (Supplementary Figure 2B).

Figure 8A shows an immune infiltration heat map based on the TIMNER, CIBERSORT, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC algorithms. Among immune functions, difference analysis showed that Apcin (APC) co-inhibition, APC co-stimulation, checkpoint, cytolytic activity, inflammation promotion, MHC class I, T cell co-inhibition, and T cell co-stimulation significantly differed between the high-and low-risk groups (Figure 8B). These findings showed that the eight PCD-related lncRNA prognostic characteristics of CC are somewhat related to immune cell infiltration.




Figure 8 | Immune response, TMB, CNV, and immunotherapy analysis of high- and low-risk groups. (A) Immune cell infiltration analysis among risk groups using TIMER, CIBERSORT, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC algorithms. All immune cells shown statistically differed. (B) Immune function scores for high- and low-risk groups. (C) Tumor metastasis burden differs between high- and low-risk groups. (D) Scatter plot of negative correlation between risk score and TMB. (E) Survival analysis of high-and low TMB in TCGA database. (F) Survival analysis of TCGA colon cancer stratified by TMB and risk score. (G, H) Waterfall chart shows more genes with increased mutation frequency in high- and low-risk groups. (I) Distribution of CNV frequency among DEGs in the high- and low-risk groups. Green and red, deletion and amplification, respectively. (J) Distribution of DEGs with different CNVs on chromosomes. (K–N) TIDE, MSI, and T cell exclusion and dysfunction scores in high- and low- risk group., *P<0.05, **P<0.01, ***P<0.001; ns, not significant. CNV, copy number variations; DEGs, differentially expressed genes; MSI, microsatellite instability; TCGA, The Cancer Genome Atlas; TIDE, tumor immune dysfunction and exclusion; TMB, tumor mutation burden.





Correlation of Risk Score With TMB and Gene CNVs

In view of the evident prognostic differences in the high- and low-risk patients, we analyzed the TMBs and CNVs to further uncover underlying causes. Figure 8C shows lower TMB levels in patients with high risk scores than those with low risk scores. Further correlation analysis showed that the risk score negatively correlated with TMB (Figure 8D). We then divided the patients into groups with a high or low TMB based on the median TMB. KM curves revealed a significantly worse OS rate for patients with a high TMB than those with a low TMB (Figure 8E). Considering that the risk score and the TMB have good prognostic value in CC patients, we evaluated the synergistic effects of these scores on the prognostic stratification of CC. We found that the TMB did not affect the assessment of the prognosis of CC patients according to risk score. Survival in risk score subtypes significantly differed between groups with a high or low TMB (Figure 8F). These results indicated that the risk score might be an effective indicator that can evaluate prognosis independently of the TMB. We assessed the distribution of somatic variations in CC driver genes between the high- and low-risk groups. A waterfall chart shows the top 20 genes with the highest mutation frequency (Figures 8G, H). Our analysis of mutation annotation files in TCGA cohort revealed that FAT4, OBSCN, PCLO, ABCA13, ZFHX4, DNAH11, RYR2, and USH2A significantly differed between the high- and low-risk groups (Supplementary Table 7). In addition, we performed CNV analysis of the top 40 genes with the greatest differences between the high- and low-risk groups. We found a higher frequency of CNV mutations in DEGs between the high-and low-risk groups, where CNV expansion occurred in SALL4, KRT16, PEG10, EPHB6, PRR9, GP2, FGF19, and SULT1C4, whereas CST1, H2BC8, HOXD10, HOXD10, HOXD11, CLCA4, DKK1, IGFL1, ALDOB, CALCA, and PLIN4 underwent CNV deletion (Figure 8I). The locations of CNV mutations in these DEGs are shown in Figure 8J. These results may provide new ideas for studying gene mutations in PCD-related lncRNAs in CC.



Benefits of Immunotherapy to High- and Low-Risk Groups

We evaluated the efficacy of immunotherapy in the high- and low-risk groups using the website http://tide.dfci.harvard.edu/. A higher tumor immune dysfunction and exclusion (TIDE) score implies a higher possibility of immune escape, indicating that the patient has a lower benefit from immunotherapy. As shown in Figure 8K and Supplememtary Table 8, the TIDE scores of patients in the high-risk group were significantly higher than those in the low-risk group, implying that the low-risk group patients would benefit from immunotherapy. Patients in the high-risk group had lower microsatellite instability (MSI) scores (Figure 8L), whereas patients in the low-risk group had higher T cell exclusion scores (Figure 8M). T cell dysfunction did not significantly differ between the subgroups (Figure 8N). These results support a basis for novel customized immunotherapies for CC patients.



Analysis of Drug Sensitivity Potential in High- and Low-Risk Groups

Considering that chemotherapy and targeted therapies are popular strategies for treating CC, understanding the sensitivity of subgroups of patients to such drugs is important. We predicted the sensitivity of the high-and low-risk groups to agents that are commonly administered to CC patients. Figures 9A–F shows that the group with low-risk scores was more sensitive to PD.0325901 METFORMIN MK.2206 AZD8055 PD.0332991, and sorafenib, whereas that with high-risk scores was more sensitive to imatinib, lapatinib, PHA.665752, and MS.275 (Figures 9G–J). We determined the 3D structure of four chemotherapy drugs that could be used for patients in the high-risk group using the CMAP database (Figures 9K-N). These results should facilitate the application of precise and or new personalized medicines for treating CC.




Figure 9 | Chemosensitivity analysis. (A–J) Responses of high- and low-risk groups to chemotherapy drugs. (K–N) Three-dimensional structure of small molecule drugs.





External Database Verified the Prognostic Value of the Risk Model Constructed With PCD-Related lncRNAs

We selected 96 CC patients from the Colorectal Cancer Center of Shanghai Tenth People’s Hospital to verify the external dataset and examined the expression of the eight PCD-associated lncRNAs in CC and adjacent tissues by RT-qPCR. The expression trends were consistent with those listed in TCGA (Figure 10A). We calculated the risk scores of the patients and divided them into high- and low-risk groups according to the median risk score. KM curves showed that the OS was significantly worse in the high- risk group than that in the low-risk group (Figure 10B). The AUC showed that the risk model could predict the outcome of CC patients (Figure 10C). Univariate and multivariate Cox regression analyses of clinical characteristics and risk scores determined that risk scores, stage and age were independent prognostic factors (Figures 10D, E).




Figure 10 | External database verification that risk model has prognostic value. (A) Model lncRNA expression in 96 CC and adjacent tissues. (B) Kaplan-Meier Survival analysis of patients in high- and low-risk groups. (C) Evaluation of risk model effectiveness. (D, E) Univariate and multivariate regression analyses of clinical characteristics and risk scores.





Silencing U62317.4 Inhibits the Proliferation, Invasion, and Migration of CC

The findings that the lncRNA U62317.4 had the highest risk coefficient in the prognostic model indicated that U62317.4 is closely associated with the prognosis of CC. However, its role in the occurrence and development of CC is unclear. Therefore, we explored whether U62317.4 is involved in the malignant progression of CC. We synthesized a siRNA against U62317.4 and evaluated its interference via RT-qPCR. The expression of U62317.4 in HCT-116 and SW480 cells was significantly reduced after transfection with si-U62317.4 (Figures 11A, B). Silencing U62317.4 significantly inhibited CC cell viability and clone formation (Figures 11C–E) and significantly increased the apoptosis of CC cells (Figures 11F, G). Metastasis is another important feature of malignant tumors. Thus, we explored the role of U62317.4 in CC metastasis using wound healing and Transwell assays. Knockdown of U62317.4 significantly reduced wound healing ability as well as the migratory and invasive capacity of CC cells (Figures 11H, J). We constructed a nude mouse subcutaneous tumor model. to evaluate the tumorigenicity of U62317.4 in vivo. Silencing U62317.4 significantly inhibited the growth of CC in these mice (Figures 11K–M). Western blotting revealed changes in the abundance of proliferation- and apoptosis-related proteins when U62317.4 was silenced. Figures 11I shows that the expression of ki-67, PCNA, and BCL-2 decreased, whereas that of cleaved caspases-3 (cleaved casp-3) and -8 increased when U62317.4 was silenced in CC. These results showed that silencing U62317.4 inhibits CC cell proliferation and metastasis.




Figure 11 | Silencing U62317.4 suppressed the malignant CC phenotype. (A, B) Detection of U62317.4 expression in HCT-116 (A) and SW480 (B) cells using RT-qPCR. (C, D) CCK-8 analysis of HCT-116 (C) and SW480 (D) cells transfected with si-NC or si-U62317.4, and wild-type cells. (E) Colony formation of HCT-116 and SW480 cells transfected with si-NC, si-U62317.4, and wild-type cells. (F) Flow cytometry of HCT-116 and SW480 transfected si-NC or si-U62317.4, and wild-type cells. (G) Numbers of cell clones and apoptosis rates from three independent experiments. (H) Evaluation of migration abilities of HCT-116– and SW480-transfected si-NC or si-U62317.4, and wild-type cells using wound scratch assays. (I) Western blots of cell apoptosis and growth-related protein indicators. (J) Transwell assays of si-NC– or si-U62317.4–transfected HCT-116 and SW480 cell migration and invasion ability and wild-type cells (K) Efficiency of shRNA interference of U62317.4 confirmed via RT-qPCR. (L, M) Silencing U62317.4 significantly inhibits tumor weight and volume; n = 3. CC, colon cancer; NC, normal control. **P < 0.01, ***P < 0.001, ns, non-significant.






Discussion

Apoptosis is a classical form of PCD that is considered the most promising target for tumor therapy. Pyroptosis and ferroptosis are important types of PCD-related death that are distinct from apoptosis. Their dysfunction is critical in the development of various tumors (6, 7, 29). Biomarkers of PCD play crucial roles in tumor prognosis assessment and tumor efficacy monitoring (30, 31). However, most previous studies have focused on genes that can be programmed for proteins. Considering the key roles of lncRNAs in PCD, their roles in the clinical features and prognosis of CC should be comprehensively evaluated.

We screened TCGA data and identified 41 lncRNAs associated with PCD in CC based on their prognostic value. We classified them into two subtypes based on their expression profiles. Prognostic evaluation and clinical correlation analysis showed that OS rate, tumor stage and tumor lymphatic metastasis significantly differed between these subtypes. We constructed a prognostic model comprising eight-PCD-related lncRNAs using LASSO regression analysis. We found that patients with high-risk scores had a poorer prognosis and that the prognostic model had high diagnostic power. In view of its importance in the prognostic model, we verified the roles of U62317.4 lncRNA in vivo and in vitro. Silencing U62317.4 lncRNA inhibited tumor proliferation and invasion, and promoted tumor apoptosis, indicating that the abundant expression of this gene is closely related to the progression of CC. We judged the prognostic significance of risk scores and clinical characteristics in CC using univariate and multivariate Cox regression analyses. Age and risk score were independent prognostic factors for CC patients. The results of the external database analysis provided further evidence that our model could accurately assess the prognosis of CC. The nomogram is a quantitative tool that can predict a certain clinical outcome or the probability of a certain type of event based on the values of several variables (32). The DCA decision and ROC curves showed a better net profit rate and diagnostic ability for the nomogram than those for a single indicator in terms of assessing patient prognosis. These findings indicated that this quantitative tool is important for patient disease management.

Cell death is an integral part of the immune response and serves as a signal (second messenger) to guide the immune system and the TME to ensure tissue repair and homeostasis (10, 33). A disordered immune system is an important cause of cancer progression, treatment failure, and eventual death (34). The significantly reduced immune microenvironment and immune function scores in cluster 2, implied suppressed immune function, which could explain the lower OS rate in this cluster. Many immune checkpoints (negative regulatory receptors) are expressed on T cells only after activation (35). Immune checkpoints influence the progression and treatment of CC (34, 36, 37). We found significantly reduced immune checkpoints in cluster 2, which might have been associated with the overall suppression of immune function. In addition, significantly more macrophage M0 and cancer-associated fibroblast infiltration was found in the high-risk group, which had significantly less NK and memory CD4 T cell infiltration that might have further exacerbated the immune depletion status of patients. Liu et al. found that NK cells can inhibit the proliferation of breast cancer cells by secreting perforin/granzyme to activate the apoptotic pathway (38). Nagorsen et al. (39) and Cui et al. (40) showed that increased M0 macrophage infiltration can inhibit the tumor immune activity of the digestive system and suggested that this leads to a poor prognosis. Cancer-related fibroblasts can tame immune cells to create a microenvironment suitable for tumor survival (41, 42). The loss of memory T lymphocytes further aggravates the exhaustion of T cells, which is also an important cause of immune dysfunction in patients with tumors (34, 43). These collective findings indicated that PCD-related lncRNAs impact the dysfunction of immune cells in CC immunity, thus providing a new platform for the development of novel immunotherapies.

A comprehensive assessment of PCD-related lncRNAs would help to understand the characteristics of immune cell infiltration and predict responses to immunotherapy. The TMB is a promising indicator of responses to immune checkpoint inhibitors, that closely correlate with immunity (44). We found that the TMB and MSI scores associated with sensitivity to immunotherapy were significantly lower in the high- risk group than those in the low-risk group. This was also consistent with the immunotherapy and immune status of the two subgroups assessed by the http://tide.dfci.harvard.edu website. The results of our stratified analysis showed that the risk model constructed using PCD-associated lncRNA was not associated with the TMB in CC. This means that the PCD-related risk model and TMB represent different aspects of tumor immunobiology and that the model can predict responses to immunotherapy independently of TMB.

Chemotherapy and immunotherapy are the most important adjuvant therapies for CC, as they can improve the prognosis and quality of life of patients. Considering the low immunogenicity and immunosuppression of patients in the high-risk group, we screened a batch of small molecule chemotherapeutics using the GDSC drug susceptibility database, with the aim of improving personalized medication guidance for CC patients. Based on the IC50 prediction, the high-risk group of patients was more sensitive to imatinib, lapatinib, PHA.665752, and MS.275. Dolloff et al. indicated that lapatinib can upregulate TRAIL receptors to induce CC cell apoptosis through off-target effects activated by the c-Jun N-terminal kinase and c-Jun pathways (45). The synthetic small molecule benzamide derivative of histone deacetylase inhibitor, MS-275 is currently in phase I/II clinical trials. This agent has demonstrated significant CC inhibition in vitro and in vivo (46, 47). The antitumor activity of MS-275 is primarily reflected in the induction of endogenous and exogenous apoptotic cell death in tumor cells (48). These results improve the guidance for personalized drug use in CC.

We provided a comprehensive view of the management of CC and we established a robust prognostic model. However, the present study has some limitations. TCGA was the main source of multi-omics data and clinical information. The results of the multi-omics analysis could not be verified. For example, we covered transcriptome sequencing, TMB, and CNV analyses. However, these tests are expensive and difficult to implement in practical applications. We hope that rapid advances in biotechnologies will lead to the development of robust toolkits that will pay the way for their widespread implementation. The TME might differ among tumor regions. However, most of the tissues that we analyzed were collected from core areas of tumors, which might have impacted our evaluation of TME characteristics and the immune functions of different tumor areas to some extent. We did not have any external data to validate the drug sensitivity results, which would undoubtedly likely be lengthy and expensive.

The present findings require further prospective validation by a multicenter study. Our study has some limitations. Nonetheless, we provided clues for elucidating the relationships between PCD-related lncRNAs and the TME as well as treatment responses. Our prognostic model has good clinical value and might lead to new ideas for improving the OS of CC patients and facilitate individualized treatment.
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Accumulating evidence has suggested the impact of senescence on tumor progression, but no report has yet described how senescence shapes the tumor microenvironment of clear cell renal cell carcinoma (ccRCC). The objective of this study was to delineate the senescence features of ccRCC and its role in shaping the tumor microenvironment through a comprehensive analysis of multiple datasets, including 2,072 ccRCC samples. Unsupervised consensus clustering identified three senescence subtypes, and we found that the senescence-activated subtype survived the worst, even in the condition of targeted therapy and immunotherapy. The activated senescence program was correlated to increased genomic instability, unbalanced PBMR1/BAP1 mutations, elevated immune cell infiltration, and enhanced immune inhibitory factors (cancer-associated fibroblasts, immune suppression, immune exclusion, and immune exhaustion signaling). A senescence score based on nine senescence-related genes (i.e., P3H1, PROX1, HJURP, HK3, CDKN1A, AR, VENTX, MAGOHB, and MAP2K6) was identified by adaptive lasso regression and showed robust prognostic predictive power in development and external validation cohorts. Notably, we found that the senescence score was correlated to immune suppression, and the low-score subgroup was predicted to respond to anti–PD-1 therapy, whereas the high-score subgroup was predicted to respond to Sunitinib/Everolimus treatment. Collectively, senescence acted as an active cancer hallmark of ccRCC, shaped the immune microenvironment, and profoundly affected tumor prognosis and drug treatment response.
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Introduction

Renal cell carcinoma (RCC) is a common malignancy of the urinary tract, and its predominant histological type is clear cell carcinoma (80%–90% of cases). Approximately one-third of patients with RCC harbor distant metastases at the first diagnosis, and the 5-year overall survival (OS) of these patients is only 10%–20% versus 70% of patients with localized tumors (1). In recent years, the description of novel cancer subtypes based on expression profiles has helped us gain deeper insight into the molecular features and oncological heterogeneity of RCC, such as the mRNA/miRNA subtypes identified by The Cancer Genome Atlas (TCGA) project (2), the four subtypes of metastatic clear cell renal cell carcinoma (ccRCC) identified to distinguish sunitinib treatment response (3), the seven subtypes to describe the clonal origin of RCC (4), and the seven molecular subtypes of high-grade ccRCC (5). However, these molecular subtypes still face great challenges in differentiating patients’ prognosis and guiding personalized treatment options for ccRCC.

It is well known that RCC is chemotherapy and radiotherapy-insensitive, and targeted therapies represented by anti-angiogenic tyrosine kinase inhibitors (TKIs) and inhibitors of rapamycin protein (mTOR) are the main post-operative adjuvant treatment strategies for patients with ccRCC (6). Immune checkpoint blockade (ICB) presents a new option for ccRCC patients, with approximately 20%–35% objective response rates and a significant survival benefit over targeted therapy (7–10). The pan-cancer analysis reported a moderate tumor mutation burden (TMB) in ccRCC, whereas approximately 70% of ccRCC are immune cells infiltrated, giving ccRCC an abundance of pre-existing anti-tumor immunity (11). However, clinical trials in RCC did not report the predictive value of TMB, baseline CD8+ T infiltration, or PD-1/PD-L1 expression levels for ICB treatment response (10). In addition, several clinical trials testing the efficacy of the ICB+anti-vascular treatment strategy in patients with metastatic ccRCC have reached their endpoints. According to two meta-analyses of published reports, the combination regimen can increase CR rates by more than threefold when compared to anti-vascular monotherapy (12). Therefore, there is an urgent need to introduce novel theories to further elucidate the molecular heterogeneity of ccRCC and to guide personalized treatment selection.

Accumulating evidence has suggested the impact of senescence on tumor progression (13, 14), but no report has yet described how senescence shapes the tumor microenvironment of ccRCC. The current perspective suggests that senescence and tumorogenesis are two different manifestations resulting from the accumulation of cell damage over time. López-Otín et al. summarized and proposed nine biological features to define the senescence phenotype (15). The evolution of the senescence microenvironment is inextricably linked to a shift in fibroblast behavior (13). In the young tissue microenvironment, fibroblasts promote immune infiltration and clearance of adverse factors, whereas, in the senescent microenvironment, fibroblasts undergo a persistent senescence-associated secretory phenotype (SASP) and turn to support immunosuppressive cell infiltration such as MDSC and Treg (16–19). On the other hand, the accumulation of cellular senescence features in macrophages, dendritic cells (DCs), natural killer (NK) cells, and effector T cells also leads to a decrease in anti-tumor immunity (13). In addition, it has been demonstrated that integrity loss of extracellular matrix (ECM) in the senescent microenvironment is another leading cause of the onset and progression of malignant events (20). In other words, the development of the senescence theory may provide new ideas to further delineate the immune characteristics of ccRCC. Therefore, there is a need for understanding the senescence features of ccRCC, especially the association of senescence factors with clinical prognosis and therapeutic benefit, which may be informative for the development of interventions targeting senescence.

Here, we conducted a comprehensive delineation of senescence features in 2,072 ccRCC samples and identified three senescence subtypes with significantly different molecular and immune microenvironmental characteristics. We constructed a senescence score using the senescence-related genes, which is not only a robust prognostic indicator, but subgroup analysis revealed senescence score subgroups with different sensitivity to targeted therapies and immunotherapy.



Materials and Methods


Raw Data Retrieval and Preparation

We retrospectively collected expression profiles of frozen tumor specimens from 13 publicly available ccRCC cohorts: RNA-seq data of the TCG-Kidney renal clear cell carcinoma (KIRC) cohort from the TCGA project; a total of nine microarray cohorts based on the GPL570 and GPL10588 platforms archived in the GEO portal (https://www.ncbi.nlm.nih.gov/geo/); and two microarray archived in the ArrayExpress database (https://www.ebi.ac.uk/arrayexpress/). Complete clinical information is available in the TCGA-KIRC, E-MTAB-1980, E-MTAB-3267, and Checkmate, with E-MTAB-3267 containing 53 advanced metastatic ccRCC treated with sunitinib and Checkmate containing 181 advanced ccRCC treated with Nivolumab and 130 patients treated with Everolimus. Baseline information for datasets involved in this study was summarized in Table S1. FPKM values of TCGA-KIRC provided by the UCSC Xena website (https://xena.ucsc.edu/) were transformed into TPM values and log2-transformed to maintain comparability with microarray platform-produced data. Raw data of the “CEL” format generated from the Affymetrix platform was background corrected and normalized using the “affy” package. For datasets from the GEO database, six datasets based on the GPL570 platform (i.e., GSE36895, GSE53757, GSE66272, GSE73731, GSE46699, and GSE22541) and three datasets based on GPL10588 (i.e., GSE40435, GSE105261, an GSE65615) were merged as GPL570-merge and GPL10588-merge using the “sva” function of the “Combat” package.



Senescence Signatures and Cellular Senescence-Related Genes Retrieval

Fifteen senescence-related gene sets were retrieved and archived in the MSigDB database, including nine GO biological processes and six Reactome hallmarks. A total of 279 experimentally confirmed cellular senescence-related genes were archived in the CellAge database (https://genomics.senescence.info/cells/).



Differentially Expressed Senescence-Related Genes (DESG) Analysis and Functional Annotation

Differential expression analysis was performed using the “limma” package, and an adjusted p-value < 0.05 was set to identify the DESGs. Gene set enrichment analysis (GSEA) was performed using the “ReactomePA” package. GO/KEGG annotation of the DESGs was performed using the “ClusterProfiler” package.



Identification of the Senescence Subtypes in ccRCC

Gene set variation analysis (GSVA) was developed to estimate the signaling pathway activity of a single sample based on reference gene sets {Haenzelmann:2013ga}. We used the “GSVA” package to estimate the activity of the senescence-related biological processes of tumor samples. The unsupervised consensus clustering using the “km” algorithm was adopted to identify senescence subtypes in tumor samples of TCGA-KIRC based on the GSVA enrichment score. The similarity of samples was determined by the Euclidean distance. One thousand iterations were recycled in the clustering to ensure the stability of the results. The discrimination of the samples of subtypes was assessed using t-distributed stochastic neighbor embedding (t-SNE) downscaling analysis provided by the “Rtsne” package.



Cancer Hallmarks and Tumor Microenvironment Characteristics Analysis

We use the “IOBR” package to analyze the molecular and immune microenvironment characteristics of ccRCC (21). The cancer hallmarks, GO/KEGG biological process, metabolic, and tumor microenvironment signatures, as well as eight immune cell estimation methods (i.e., Cibersort, MCP, xCell, EPIC, Estimate, quantiseq, IPS, and TIMER) were integrated into the “IOBR” package. We estimated the biological process activity of tumor samples using the calculate_sig_score function. The percentage of immune cells was deconvoluted using the deconvo_tme function. In addition, the relative infiltration abundance of 28 immune cells (16 adaptive immune cells and 12 intrinsic immune cells) was estimated using the ssGSEA algorithm provided by the “GSVA” package (22).



Construction and Verification of the Senescence Score and Nomogram for Clinical Application

The TCGA-KIRC (n = 514) was used as the development cohort and the E-MTAB-1980 (n = 100) as the test cohort to validate the prognostic model, and the baseline clinic parameters were summarized in Table S2. The predictive value of the senescence score for targeted therapy and immunotherapy responsiveness was verified in the E-MTAB-3267 and Checkmate cohorts. To ensure the robustness of the prognostic model, we excluded samples with survival times shorter than 1 month from the TCGA-KIRC and E-MTAB1980 cohorts. Firstly, the Pearson’s correlation of all differentially expressed senescence-related genes with PD-1/PD-L1/CTLA4 expression levels was calculated, and genes with a Bonferroni corrected p-value < 0.05 were retained. Secondly, univariate cox analysis identified prognostic senescence-related genes with p<0.05. Subsequently, the best combination of senescence genes to construct a multivariate cox model was determined by performing adaptive lasso regression using the “glmnet” package. Adaptive lasso regression eliminates the overfitting bias by introducing weights to the traditional lasso model and obtains a more succinct model without compromising model performance (23). A multivariate Cox model was constructed using the senescence genes identified by lasso Cox regression, the coefficient value of each gene was derived, and the senescence score was generated by multiplying the gene expression by the non-zero coefficient of each gene:

	

where Gi is the expression level and Bi is the coefficient. A nomogram was built up using the “rms” package and assessed by the calibration curves.



Prediction of Patients’ Sensitivity to Targeted Therapy and Immunotherapy

We used the “pRRophetic” package to infer the sensitivity of tumor samples to targeted therapeutic agents. Specifically, the cancer cell gene expression profiles and corresponding IC50 values under drug agent treatment retrieved from the GDSC database were used as references. pRRophetic runs a 10-fold cross-validation ridge regression to estimate the IC50 values of the ccRCC samples based on their gene expression profiles. The similarity of gene expression profiles between the ccRCC samples and 47 skin melanoma patients treated with anti-CTLA4/PD-1 was inferred using the Subclass Mapping module provided by the GenePattern portal (24, 25).



Statistical Analysis

All statistical analysis was performed and all results were visualized in Rstudio 4.0.1. The Wilcoxon or Kruskal–Wallis tests evaluated the difference between two or more groups of continuously distributed variables. Fisher’s exact test evaluated the distribution difference of categorical variables. Survival status was visualized by the Kaplan–Meier method, and the OS difference was assessed using the log-rank test. The ROC curves were adopted to assess the predictive capacity of the prognostic indicators. The Bonferroni correction for multiple tests was adopted to reduce the probability of Class I error, and the statistical difference was considered significant when the p-value of bilateral tests < 0.05.




Results


Senescence Signatures Are Generally Activated in ccRCC

To delineate the senescence characteristics of ccRCC, we conducted a comparison of tumor and para-cancerous tissues in three independent datasets. GSEA analysis of TCGA-KIRC showed that cellular senescence, oncogene-induced senescence, and SASP were significantly activated in tumor samples (Figure 1A). Similar results were obtained in the GPL570-merge and GPL10588-merge datasets (Figures 1B, C). We merged the three datasets into metadata, and the heatmap showed that the senescence-related GO/Reactome terms were markedly activated in tumor samples (Figure 1D). These results suggest that senescence is an important hallmark of ccRCC. Using DEG analysis, we identified 204 differentially expressed senescence-related genes in TCGA-KIRC, including 124 upregulated and 82 downregulated (Table S3). GO annotation showed the significant enrichment of cell aging, regulation of the cell cycle, and chromosomal behavior (Figure 1E). The KEGG annotation showed the enrichment of the cell cycle, cell senescence, and p53 signaling pathway (Figure 1F).




Figure 1 | Senescence-related biological processes were highly activated in ccRCC. (A–C) GSEA results showed that senescence-related biological processes were activated in ccRCC tumor samples in TCGA-KIRC (A), GPL570-merge (B), and GPL10588-merge (C) datasets. (D) Senescence-related biological processes were generally activated in ccRCC tumor samples in the metadata set. The biological process activity was assessed using the “GSVA” package. (E, F) Functional annotation of the 204 DESGs in the GO (E) and KEGG (F) database.





Senescence Subtypes Identification in ccRCC Based on Senescence Signatures

To better understand the senescence phenotypes in ccRCC, we performed unsupervised consensus clustering based on the activity of the senescence-related GO/Reactome terms. The clustering heatmaps and cumulative distribution function (CDF) curves suggested the existence of three senescence subtypes in ccRCC (Figures 2A-C). The t-SNE plots exhibited good discrimination among the three clusters (Figure S1B). We termed them senescence-silenced (Cluster A), senescence-suppressed (Cluster B), and senescence-activated phenotypes (Cluster C), respectively (Figure 2A). The heatmap of the DEG showed that senescence-related genes were generally inhibited in senescence suppressed phenotype while highly expressed in senescence activated phenotype (Figure S1A). The OS and disease-free survival (DFS) rates of the senescence-activated phenotype were significantly lower than the senescence-suppressed and senescence-silenced phenotypes (Figure 2D). We then generated three senescence subtypes in the E-MTAB-1980 and Checkmate cohorts for further analysis (Figures S1C–F). Similarly, patients of the senescence-activated phenotype in E-MTAB-1980 survived the worst (Figure 2E). Interestingly, the senescence-activated subtype had the worst progression-free survival (PFS) and OS rates in both the Nivolumab- and Everolimus-treated arms (Figure 2F). Whereas no significant differences in objective response or clinical benefit were found among the subtypes (Figure 2G). The correlation of previously published VEGF pathway- and inflammation-related gene signatures with senescence subtypes was also investigated. The results showed an increase in immunoinflammatory-related gene signature activity (Javelin_Immuno, Merck18, IMmotion150_Myeloid, IMmotion150_Teff), and a decrease in VEGF-related gene signature activity (IMmotio150_Angio) as the senescence program was activated (Figure 2H).




Figure 2 | Senescence subtype was correlated with stratified patients’ prognosis and treatment benefits. (A) Heatmap of the 15 senescence-related biological processes of the senescence subtypes in TCGA-KIRC. (B) The heatmap of the k-means consensus clustering result. (C) CDF curves of the consensus clustering. (D–F) Kaplan–Meier curves showed the survival difference among the senescence subtypes in TCGA-KIRC (D), E-MTAB-1980 (E), and Checkmate (F). Log-rank test. (G) Bar plots displayed the proportion of objective response and clinical benefit rates among the senescence subtypes in Checkmate. (H) Boxplot showed the difference of the VEGF- and inflammatory-related signature scores in Checkmate. ***, p<0.001.





Molecular and Immune Microenvironment Characteristics of the Senescence Subtypes

We then depicted the cancer hallmarks of senescence subtypes. The results showed that the majority of cancer hallmarks were significantly differentially distributed among the subtypes (Figure 3A). The activity of cell cycle regulation-related biological processes such as DNA repair, MYC targets, and G2M checkpoints was highest in the senescence-activated subtype. The senescence-suppressed subtype was associated with metabolic pathways such as adipogenesis, bile acid metabolism, and fatty acid metabolism.




Figure 3 | Molecular and immune features of the senescence subtypes of TCGA-KIRC. (A) Heatmap of the cancer hallmarks estimated by the ssGSEA algorithm. (B) Genomic heterogeneity of the senescence subtypes. The heatmap displayed log10TMB, gene mutation profile (frequency >5%), and differentially distributed arm-level copy number variants (CNV) from top to bottom, respectively. The distribution difference was determined by Fisher’s exact test. (C) The 28 immune cells (16 adaptive and 12 intrinsic immune cells) were differentially distributed in the senescence subtypes. The infiltration abundance was estimated by the ssGSEA algorithm. (D–G) Signature panels calculated using the “IOBR” package, (D) Cancer-associated fibroblasts (CAFs), (E) immune suppression, (F) immune exclusion, and (G) immune exhaustion signatures. The level of statistical difference was labeled with ns, *, **, ***, and ****, which represents no statistical difference, p < 0.05, p < 0.01, p < 0.001, and p < 0.0001, respectively.



In terms of genomic heterogeneity, we focused on the differentially distributed mutations and copy number variants (CNV). The upper panel of the heatmap (Figure 3B) displayed the mutation spectrum of genes with frequencies >5%. We identified six differentially distributed mutated genes (PBRM1, MUC16, BAP1, XIRP2, DNAH3, TSHZ3, and SSH2). The senescence-activated subtype carried fewer PBRM1 mutations and more BAP1 mutations. The bottom panel of the heatmap (Figure 3B) displayed the differentially distributed chromosomal fragment copy number alterations, with an overall decreased copy number amplification and increased deletion events in the senescence-activated subtype. More specifically, CNV in the senescent subtype is characterized by decreased 5q fragment amplification and increased 3p fragment deletion.

Subsequently, we deconvoluted the tumor microenvironment of the senescence subtypes. Overall, the abundance of immune cell infiltration, except for NK cells, eosinophils, and neutrophils, within the tumor tended to increase with senescence program activation (Figure 3C), which was consistent with the increased immunoinflammatory-related gene signature activity in the Checkmate cohort in Figure 2H. Meanwhile, we checked the signaling activity of cancer-associated fibroblasts (CAFs), immune suppression, immune exclusion, and immune exhaustion (Figures 3D–G). Dramatically, we found these features were also significantly upregulated along with senescence activation. Signatures from different gene expression profiles suggest that the senescence program is closely correlated with CAFs of the tumor stroma and self-limited antitumor immunity.



Development of Senescence Score to Predict Patients’ Prognosis

The senescence subtypes profoundly influence tumor progression and the immune landscape, leading to distinctive clinical outcomes. Here, we developed a multivariate model containing nine senescence-related genes (i.e., P3H1, PROX1, HJURP, HK3, CDKN1A, AR, VENTX, MAGOHB, and MAP2K6; Table S4) by performing adaptive lasso regression to predict patients’ outcomes (Figures 4A, B). The senescence score was generated by multiplying the gene expression by the corresponding non-zero coefficient (Table S4). Patients were stratified into two groups using the median senescence score, and significantly poorer survival rates were observed in the high- senescence score group (Figures 4C, D). The predictive accuracy of senescence scores at 1, 3, and 5 years for OS was 0.753, 0.748, and 0.785, respectively, whereas it was 0.690, 0.708, and 0.695 for DFS, respectively (Figures 4E, F). The senescence score remained an independent unfavorable factor for patients’ prognosis after adjusting clinicopathological parameters (Figure 4G). To facilitate clinical application, we integrated the senescence score with patients’ age, American Joint Committee on Cancer (AJCC) stage, metastatic status, and international summer university program (ISUP) grade to establish a nomogram (Figure 4H). The calibration curves for the nomogram were plotted, and the results showed that the actually observed status was very close to the predicted survival status at the observation time points, indicating a robust predictive capacity of the nomogram (Figure 4I). ROC curves assessed the predictive power of the senescence score for patient’s prognosis at 1, 3, and 5 years, and the areas under curves (AUC) reached 0.87, 0.84, and 0.83, respectively (Figure 4J).




Figure 4 | The senescence score was a prognostic indicator for patients’ prognosis in TCGA-KIRC. (A, B) The adaptive lasso regression selected the best combination of senescence genes to construct a multivariate Cox model. (C, D) Survival analysis showed a different survival portion between the high- and low- senescence score subgroups in TCGA-KIRC for OS (C) and DFS (D). (E, F) The predictive power of the senescence score for 1-, 3-, and 5-year OS (E) and DFS (F) was assessed by ROC curves. (G) Forest plots of the uni- and multivariate Cox models in TCGA. (H) Nomogram to predict patients’ overall survival. The model incorporated the AJCC_Stage, ISUP_Grade, metastatic status, patients’ age, and the senescence score. (I) The calibration curves show that the survival status of patients predicted by nomogram at 1, 3, and 5 years remains highly consistent with that actually observed. (J) ROC curves to evaluate the predictive efficacy of the nomogram for overall survival at 1, 3, and 5 years. *,p<0.05, ***, p<0.001.



Given the SASP phenotype mediates the transition in cancer-inhibiting to cancer-promoting roles of the senescence process, we next assessed the relationship between the senescence score and SASP activity. The senescence score was positively correlated to the SASP score in each subtype, and the highest Pearson’s coefficient was detected in the senescence-activation group (Figure 5A). In terms of immunophenotypes, wound healing and TGF-dominant phenotypes had the highest senescence scores, whereas inflammatory and immunologically quiet phenotypes had the lowest (Figure 5B). Subsequently, we found that the senescence score was negatively correlated to the immune cell infiltration levels by performing correlation analysis (Figure 5C). Furthermore, the senescence score was negatively correlated with CAFs and antigen-presenting cells (DCs and macrophages) as quantified by several deconvolution tools (Figure 5D). These results suggest that high senescence scores suppress the anti-tumor immune potential.




Figure 5 | Validation of the senescence score and nomogram to predict patients’ overall survival in E-MTAB-1980. (A) Scatterplot with regression lines for senescence score with SASP activity stratified by senescence subtypes. (B) The boxplot displayed that the senescence score was differentially distributed among immune subtypes. (C, D) Correlation plots displayed a negative correlation of the senescence score with infiltrated immune cells (C), CAFs, DCs, and macrophage signatures (D). The correlation was evaluated using Pearson’s correlation coefficients. (E) In E-MTAB-1980, the Kaplan–Meier curves revealed a different survival portion between the high- and low-senescence score subgroups. (F) ROC curve assessed the predictive power of the senescence score for 1-, 3-, and 5- year overall survival in E-MTAB-1980. (G) Forest plots of the uni- and multivariate Cox models in E-MTAB-1980. (H) The calibration curves showed that the survival status of patients predicted by the nomogram applied to E-MTAB1980 at 1, 3, and 5 years remains highly consistent with that actually observed. (I) ROC curves to evaluate the predictive efficacy of the nomogram for overall patient survival at 1, 3, and 5 years in E-MTAB-1980.





Verification of the Senescence Score and Nomogram in Predicting Patients’ Prognosis

The predictive value of the senescence score for the patients’ prognosis was further tested in E-MTAB-1980. Similar to TCGA-KIRC, a comparison of subgroups based on cohort-specific median senescence scores demonstrated significantly decreased OS rates in the high-score group (Figure 5E). The senescence score achieved a predictive efficacy of 0.861, 0.844, and 0.795 for 1-, 3-, and 5-year survival, respectively (Figure 5F). Even after adjusting for patients’ age, clinical stage, T/M stage, and tumor grade, the senescence score remained an independent risk factor for patients’ prognosis (Figure 5G). When applying the nomogram established in TCGA-KIRC to E-MTAB1980, the calibration curve exhibited consistency between the nomogram-predicted and actually observed survival status (Figure 5H). Furthermore, the nomogram’s predictive efficacy for the patients’ prognosis at 1, 3, and 5 years reached an impressive 0.9, 0.91, and 0.89, respectively (Figure 5I).



Correlation of the High Senescence Score Group With Targeted Therapy Benefit

Patients in E-METAB-3267 were all treated with sunitinib (n = 53). Validation of E-METAB-3267 showed an extended PFS in the high-senescence score subgroup (Figure 6A). The senescence score achieved a predictive efficacy of 0.74, 0.751, and 0.680 for 1-, 2-, and 3-year PFS, respectively (Figure 6B). When comparing the Sunitinib-response and no-response groups, we found significantly higher scores in the Sunitinib-response group (Figure 6C), with a predictive efficiency of 0.623 for Sunitinib treatment response (Figure 6D). Everolimus is an mTOR-targeted inhibitor for patients who have failed Sunitinib or Sorafenib therapy. Testing in the Checkmate-Everolimus treatment arm found no PFS benefit (p = 0.19) but an OS benefit (p = 0.036) in the high-score group (Figures 6E, F). In addition, we stratified TCGA-KIRC, E-MTAB-1980, GPL570-merge, and GPL10588-merge by cohort-specific median senescence score and inferred the drug sensitivity to Sunitinib (VEGF-targeted) and Temsirolimus (mTOR-targeted). In the high-senescence score subgroup (Figure 6G), we found significantly lower predicted IC50 values for Sunitinib and Temsirolimus. Collectively, these results indicated anti-VEGF/mTOR-based targeted treatment benefits in the high-senescence score subgroup.




Figure 6 | The high senescence score subgroup was correlated with targeted therapy benefit. (A) Kaplan–Meier curve exhibited extended PFS time in patients of the high-senescence score groups. (B) The predictive value of the senescence score for PFS after sunitinib treatment. (C) Boxplot showed that the Sunitinib-response group possesses significantly higher senescence scores. (D) Predictive power of the senescence score for sunitinib response. (E, F) Survival curves showed that the high-score group determined by the surv_cutponit function gained OS benefit (F) in Everolimus treatment rather than PFS benefit (E). (G) The predicted IC50 values for Sunitinib and Temsirolimus in the TCGA-KIRC, E-MTAB-1980, GPL570-merge, and GPL10588-merge datasets. A lower IC50 value represents more sensitivity to the drug treatment.





Correlation of the Low Senescence Score Group With ICB Benefit

We next investigated the association of the senescence score with immunotherapy benefit in the Checkmate cohort. We classified patients by median senescence score and found a significant OS benefit of Nivolumab treatment over Everolimus treatment in the low-senescence score subgroup (Figures S2A, B). In contrast, no significant PFS/OS survival difference between the treatment arms was observed in the high-senescence score group (Figures S2C, D). For Nivolumab treatment, patients in the high-senescence score group determined by the surv_cutpoint function had significantly shorter PFS and OS time (Figures 7A, B). Recently, 9p21.3 deletion was reported as an unfavorable factor for immunotherapy responsive in CD8+ T infiltrated ccRCC, whereas PBRM1 mutation was a favorable factor in non-infiltrated ccRCC (10). We observed significantly higher senescence scores in the 9p21.3 loss group and lower scores in the PBRM1 mutation group in both the Checkmate and TCGA-KIRC cohorts (Figures 7C, D). In the context of senescence score suppressing immune infiltration, these findings further explain the strong association of the high senescence score group with ICB treatment resistance. Finally, we performed submap mapping inference to further validate the association of the senescence score with ICB benefit in four independent cohorts. As a result, the four cohorts consistently showed a high concordance of the gene expression profiles between low-score group patients and anti–PD-1 SKCM responders (Figure 7E), demonstrating the low senescence score group would benefit from anti–PD-1 treatment.




Figure 7 | The low senescence score subgroup was predicted to respond to anti–PD-1 treatment. (A, B) Survival curves showed that the high-score group determined by the surv_cutponit function gained PFS (A) and OS (B) benefits. (C, D) The boxplot showed that 9p21.3 loss groups possess higher senescence scores while PRBM1 mutant groups possess lower senescence scores in Checkmate (C) and TCGA-KIRC (D). (E) Subclass mapping results in TCGA-KIRC, E-MTAB-1980, GPL570-merge, and GPL10588-merge datasets using a melanoma dataset treated with anti-CTLA4/PD-1 as a reference.






Discussion

In this study, our exploration of multiple independent ccRCC datasets revealed that activation of senescence-related biological processes is a hallmark of ccRCC. Through delineating the three senescence subtypes, we found that the senescence-activated subtypes possess the worst oncological outcomes, even in the condition of targeted therapy/immunotherapy. Cellular senescence is defined as permanent cell cycle arrest, in which p53/CDKN1A and CDKN2A/pRB signaling play a leading role (14). We found that cell cycle–related signals, including G2M checkpoint, p53 signaling, MYC target, and accumulation of cellular damage events, such as DNA repair and apoptosis, are enriched in the senescence-activated subtype in ccRCC. In addition, senescence program activation was also correlated to the activation of tumor malignant events such as hypoxia, angiogenesis, and EMT signaling.

ccRCC is characterized by widespread loss of 3p and amplification of 5q fragments, and genes encoded by 3p fragments (e.g., PBRM1, BAP1, and SETD2) are frequently mutated and closely correlated to altered prognosis (26). Both BAP1 and PBRM1 are encoded in the 3p21.1 location and are involved in chromatin remodeling to maintain genomic stability. We observed that the senescence subtypes are closely associated with 3p loss/5q amplification and differentially distributed PBMR1/BAP1 mutations, indicating a non-negligible role in ccRCC progression that the senescence process plays. The PBRM1 mutation has been linked to activated angiogenesis and improved sunitinib treatment outcomes when compared to Atezolizumab+Bevacizumab combination treatment (5). In addition, the PBRM1 mutant subgroup also conferred a significant benefit compared with the wild-type subgroup in the Sunitinib treatment arm (27). Clinical trials also reported the correlation of PBRM1 mutation with improved Everolimus treatment outcomes (28), which was demonstrated to be a result of mTOR signaling activation (26). Interestingly, the most recent clinical trial reported the correlation of PBRM1 mutation with anti–PD-1 treatment response in CD8+ T no-infiltrated ccRCC (10). The BAP1 mutation is not only an independent risk factor for ccRCC prognosis (29) but is also linked to poorer Sunitinib/Everolimus treatment outcomes (28). The unbalanced distribution of PBRM1/BAP1 mutations provided a genomic-level explanation for the association of the senescence-activated subtype with poor targeted/immunotherapy treatment outcomes.

Literature also demonstrated that targeted therapeutic agents were able to induce the senescent phenotype of kidney cancer cells. Zhu et al. reported that Sunitinib-treated RCC cell lines manifested distinct senescence features such as the SASP phenotype and cell cycle arrest with DNA damage. This work suggests that the benefit of sunitinib treatment may be attributed to p53/Dec1 signaling activation and drug-induced cellular senescence (30). Another study showed that Axitinib induced DNA damage response in a ROS-dependent manner and eventually led to G2M cell cycle arrest and a senescent phenotype in RCC cell lines (31). Similarly, Mongiardi et al. reported that Axitinib could trigger cellular senescence through oxidative stress-dependent activation of the ATM kinase (32). In summary, these facts provide a theoretical basis for our finding that the high senescence score subgroup would benefit from targeted therapy. Moreover, given that TKI treatment can induce cancer cellular senescence, combining TKI with senescent cell scavengers might be an option for the development of novel treatment strategies for ccRCC. The proposal has already shown promising preliminary results in some preclinical studies, such as the combination of MDM2 inhibitors with AURKA inhibitors (senescence inducers), which not only induced melanoma cell death but also promoted the expression of numerous immune factors, thereby enhancing the anti-tumor immune response (33). However, currently known senescence scavengers, such as MDM2 inhibitors and BCL-2 family inhibitors, are not cell specific, and, therefore, the removal of senescent anti-tumor immune cells will lead to unpredictable toxic side effects (34, 35).

This study also represented the first report to deconstruct the intrinsic association between ccRCC senescence and the immune microenvironment features. Overall, the senescence process not only enhanced immune infiltration but, more importantly, promoted multiple immunosuppressive factors, such as CAFs, immune exclusion, and immune exhaustion signaling at the same time, leading to poorer oncologic outcomes. Using the adaptive lasso regression, we established a senescence score and demonstrated it was negatively correlated with immune infiltration. This behavioral shift might be attributed to the duplex impact of the SASP phenotype on the remodeling of the immune microenvironment. Identified SASP factors include soluble signaling molecules (e.g., interleukins, chemokines, inflammatory factors, and growth factors), proteases, and ECM components (17). Actually, it has long been noted that the stromal fibroblasts manipulate the pro-tumoral/anti-tumoral role of senescence through the SASP phenotype-associated secretion profiles (17, 36, 37). For example, MMP-2 and MMP-9, which are mainly secreted by CAFs, have been shown to be associated with RCC progression (38). However, different studies have reported a pro- or anti-tumorigenic ability of CAFs through the secretion of several factors, which is still debated and may be dependent on tumor type, tumor stage, CAF–tumor interaction, and senescence (39, 40). In addition, evidence demonstrated that the senescent secretome could be modified when there is an interaction between the tumor cells and fibroblasts (41). Collectively, it is currently believed that transient SASP is beneficial, whereas chronic SASP leads to negative outcomes. Many members of the SASP factors can promote tumor invasion or be involved in helping tumor cells evade immune clearance (13, 17). The combination of ICB with key SASP factor-targeted therapies, such as NOTCH and TGF-a inhibitors, holds the potential to block or reverse SASP-induced immunosuppression, thereby enhancing anti-tumor response (42). On the other hand, it is unclear how immune cell senescence affects their functional status, specifically M1 macrophages, DC cells, and CD8+ T cells, and whether interventions on key inducers of cellular senescence can rescue exhausted cytotoxic lymphocytes. Nonetheless, we demonstrated that the remodeling effect of senescence on the immune microenvironment leads to different immunotherapeutic outcomes in patients, and the senescence score was able to distinguish anti–PD-1 responders in ccRCC.

Last, as a preliminary exploration, this study can be further improved in some aspects. First, characterization of senescence features in key immune cell populations, such as CAFs, macrophages, and CD8+ T cells, based on single-cell sequencing data would help us better define stable and specific cellular senescence markers. Second, limited by the available open-access data, this study failed to further evaluate the role of senescence-related genes and senescence score in the clinical benefit of ICB plus anti-VEGF therapy. Given that the combination treatment strategy revolutionized the management of metastatic ccRCC, further investigation into this topic is necessary and desirable.



Conclusion

In summary, this study elucidated that the senescence process is closely correlated to genomic instability and unbalanced PBMR1/BAP1 mutations in ccRCC. The senescence microenvironment, which switches from immune activation to immune suppression, has a significant impact on anti-tumor immunity. We successfully constructed a senescence score, which is not only a robust prognostic indicator for patients’ prognosis but also provides a new reference basis for personalized treatment selection.
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Bi-directional transcription of Human Endogenous Retroviruses (hERVs) is a common feature of autoimmunity, neurodegeneration and cancer. Higher rates of cancer incidence, neurodegeneration and autoimmunity but a lower prevalence of autoimmune diseases characterize elderly people. Although the re-expression of hERVs is commonly observed in different cellular models of senescence as a result of the loss of their epigenetic transcriptional silencing, the hERVs modulation during aging is more complex, with a peak of activation in the sixties and a decline in the nineties. What is clearly accepted, instead, is the impact of the re-activation of dormant hERV on the maintenance of stemness and tissue self-renewing properties. An innate cellular immunity system, based on the RLR-MAVS circuit, controls the degradation of dsRNAs arising from the transcription of hERV elements, similarly to what happens for the accumulation of cytoplasmic DNA leading to the activation of cGAS/STING pathway. While agonists and inhibitors of the cGAS–STING pathway are considered promising immunomodulatory molecules, the effect of the RLR-MAVS pathway on innate immunity is still largely based on correlations and not on causality. Here we review the most recent evidence regarding the activation of MDA5-RIG1-MAVS pathway as a result of hERV de-repression during aging, immunosenescence, cancer and autoimmunity. We will also deal with the epigenetic mechanisms controlling hERV repression and with the strategies that can be adopted to modulate hERV expression in a therapeutic perspective. Finally, we will discuss if the RLR-MAVS signalling pathway actively modulates physiological and pathological conditions or if it is passively activated by them.
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Introduction: Complexities and Peculiarities of HERVs

Transposable elements (TE) make up about 46% of the human genome (1). They consist in repetitive sequences which are capable to or potentially capable to actively or passively insert copies of themselves elsewhere in the genome (1). TE are classified in Class I TEs, if they are RNA retrotransposons that require reverse transcriptase activity for transposition, and Class II TEs, or DNA transposons, that require transposase enzyme for their mobilization. LINE (long interspersed nuclear elements) and SINE (short interspersed nuclear elements) are the most studied and abundant class I TEs, representing respectively 17 and 11% of human genome (2). LINE and SINE will not be discussed in this manuscript, as there are in the literature a good number of excellent reviews on the subject.

The third family of Class I TEs consists of long terminal repeat (LTR) retroelements, known as HERVs (human endogenous retroviruses) (3). HERV are residues of viral infections from the past that have remained in the human genome and occupy about 8% of it. Complete HERV elements (Figure 1) have a length of 1-10Kb and contains the ORF of four viral-like genes: gag, pol, env, pro encoding respectively the viral capsid protein, the reverse transcriptase, the envelope-associated glycoprotein and the viral protease (4). 5’ and 3’ LTR control the bidirectional transcription by RNAP2 of HERV elements (5), their polyadenylation (6) and chromatin folding (7). HERV are often not complete consisting only of short LTRs. However, solitary LTR can control and impact the transcription of neighbor genes or other adjacent genomic elements (3). A non-coding sequence present between the 5′ LTR and the gag gene contains a tRNA-specific primer-binding site (PBS) and prime reverse transcription (8); a polypurine tract (PPT) present between env and 3’LTR prime the (+) strand DNA synthesis (9). PBS specificity has been used in the past to classify HERVs into subfamilies. However, due to some degree of promiscuity in the use of PBS, this classification method fell apart.




Figure 1 | Simplified schematic structure of the organization of a complete ERV. LTR, long terminal repeat control ERV transcription and polyadenylation; gag, viral capsid; pol,reverse transcriptase, env, glycoprotein of the envelope; pro, viral protease; PBS, tRNA-specific primer-binding site; PPT, polypurine tract.



New methods have been applied to overcome the historical classification of hERVs into three families, based on sequence homology with the original viral strains (10). Nowadays, 504 groups of HERVs and more than 700 thousands of HERV members have been described (11).

The accumulation of mutations from generation to generation has reduced or nearly halted the transcription, translation, and retrotranscription rates of these genomic elements, with some important exceptions (12). However, these genomic elements exert active functions in modulating genomic plasticity by actively affecting: a) genome stability, as they can affect the mobility of transposable elements or influence intra- and interchromosomal rearrangements (13, 14); b) the transcription rate of the neighbor genes, as the LTR elements can redirect RNAP2 activities (15), or their translation (16); c) the interference process, by acting as miRNA sponges (12, 17).



Regulation of ERV Expression at Transcriptional and Post-Transcriptional Levels

HERV are normally kept silenced by a strong epigenetic mechanism that acts at DNA (CpG methylation) and chromatin (histone methylation and heterochromatinization) levels (3) (Figure 2). Starting from the first, it has been proposed that the primary function of cytosine methylation might be the genome defense against transposons and retroviruses (18). Cytosine DNA methylation is a highly conserved form of epigenetic regulation among all eukaryotes. When the methylome of primary fibroblasts from seven vertebrates (human, mouse, rabbit, dog, cattle, pig, and chicken) was compared, chicken were found to have lower levels of methylation compared with mammals (19). However, the treatment with the DNA demethylating agent, 5-azacytidine (5-aza) leads to a strong de-repression of ERVs in all the examined species, including the hypomethylated chicken fibroblasts, thus confirming that DNA methylation is a conserved mechanism for repressing ERVs in vertebrates (19). The de-repression of ERVs achieved after 5-aza treatment was observed in many different physiological and pathological contexts (20–26). As a matter of fact, female mice deficient for the DNA demethylase Tet1 experience premature infertility consistent with premature ovarian failure that correlates with Line 1 and ERV activation (27).




Figure 2 | Genomic organization of hERV 1464526 in chromosome 16. Typically, as in this case, ERV elements are discontinuous and interspersed with other genomic elements. hERV_1464526 is interposed between three coding genes (ZNRF1, LDHD, ZFP1). The transcript levels as well as H3K4me1, H3K4me3, H3K27ac and Hi-C data were obtained from UCSC genome browser (https://genome.ucsc.edu/) and refer to human embryonic stem cells (hESC). A drop in the transcriptional activity is observed in correspondence to hERV_1464526 locus, in respect to neighbor coding genes. However, the heterochromatinization of ERV locus is not complete, as observed by H3K4me1 levels. Hi-C data evidence the involvement of ERV locus in chromatin looping dynamics and plasticity.



Evolutionarily, the controlled demethylation of ERV loci has been used to regulate functional physiological processes, such as placenta formation (28). Indeed, the fusion between trophoblast cells into cytotrophoblast and then into syncytiotrophoblast during placenta formation requires a functional Syncitin-1 gene expression (29). Syncytin-1 is the envelope gene of the human Endogenous Retrovirus ERVW-1 (29). Interestingly, aberrant methylation of ERVW-1 and perturbed expression of Syncytin-1 were observed in many pregnancy diseases associated to placental morphology alterations (30). This process demonstrates that the primary methylation response after retroviral elements integration in mammalian genome during evolution underwent a process of controlled demethylation to mediate the acquisition of a new biological function (31).

Elsewhere in mammalian genome, the silencing response induced by DNA methylation of ERV elements is reinforced by the KAP1/SETDB1/DNMT1 dependent H3K9 tri-methylation (32, 33). In murine embryonic stem cells the H3K9me3 induced heterochromatinization seem to require the ATRX and DAXX-dependent deposition of histone H3.3, as H3.3 deletion decreases the H3K9me3 levels especially in correspondence to class I and class II ERVs (21, 34). The incorporation of H3.3 by the histone chaperone Daxx requires a functional Morc3-ATPase cycle and Morc3-SUMOylation, as Morc3 knock-out leads to reduced H3.3 and H3K9me3 deposition and to the de-repression of ERVs (35).

Histone citrullination (H3R8cit) has been shown to attenuate HP1α binding to H3K9me3, leading to HERV de-repression in peripheral blood mononuclear cells (PBMCs) obtained from patients with multiple sclerosis (MS) (36). Importantly, inhibition of peptidylarginine deiminase 4 (PADI4), the major enzyme responsible for the conversion of arginine to citrulline, reversed ERVs de-repression and blocked the release of inflammatory cytokines (36). However, it must be kept in mind that direct protein citrullination, and in particular citrullination of myelin basic protein, plays a controversial role in the pathogenesis of MS (37, 38).

Histone acetylation of ERVs loci should theoretically de-repress their transcription. However, conflicting data have been reported in this regard by using Histone Deacetylase (HDAC) inhibitors (39, 40). DNA methylation and histone deacetylation may act as integrated mechanisms to ensure a concerted repression of latent retroviral elements. This is supported by the finding that combined treatments of different cancer cell lines with DNMT and HDAC inhibitors strongly stimulate HERVs transcription and show synergistic effects compared with single treatments (41, 42).

In B and T cells of C57BL/6 J, DNA methylation levels in TEs of retroviral origin correlate inversely with CTCF binding. This indicates that there is a close relationship between DNA methylation and the regulation of chromatin status and loop formation (43) (Figure 2).

At post-transcriptional level, literature reports scattered information about a possible role of RNA interference as a mechanism to impair the stability of ERV RNAs. 19 miRNAs were found to be significantly homologous to HERV-W family members (44). Intriguingly, it has been reported that the Xist-mediated silencing of the second female X chromosome could be evolved by pretending a viral infection, as Xist sequence is recognized by the RNA binding protein Spen that has the capability to bind also retroviral RNAs (45). If confirmed, this fascinating hypothesis would explain the origin of the RNA interference mechanism as a putative ancient antiviral mechanism.

Post-transcriptional editing of ERVs RNAs has been observed in many cellular models. By performing a CRISPR screen for IAP suppressors in murine ES cells, Chelmicki and colleagues identified m6A RNA methylation as a predominant way to decrease ERV RNA stability in conditions in which their expression is re-activated (46). The methyltransferase-like METTL3 and METTL14 are two key components of the enzymatic complex that provides methylation at the LTR and 5’UTR of IAP-related ERVK elements, while the YTH-domain containing proteins act as m6A readers and triggers methylated RNA decay, which occurs probably in P-bodies (46). It was proposed that m6A-dependent ERVs regulation could decrease their immunogenic potential and the activation of inflammatory processes (46).

Adenosine-to-inosine (A-to-I) editing by ADAR (adenosine deaminase acting on RNA) of dsRNAs of retroviral origin induces mismatches in their transcripts in this way preventing their recognition by MDA5 and the activation of the inflammatory pathway (47–49). Interestingly, Adar1-/- tumors are sensitized to anti-tumor immunity and IFNβ and γ treatment (48); moreover, Adar1 depletion allows to overcome different mechanisms of acquired resistance to immunotherapy with a significant increase in immune cells infiltration, including non-MHC I-restricted cytotoxic cells (48).

Finally, the acquisition of a Z-RNA structure by dsRNA ERV elements was proposed but only indirectly demonstrated recently (50). In particular, it was observed that murine dsRNAs of retroviral origin are recognized by the Zα-domain of Z-DNA-binding protein 1 (ZBP1) and contribute to trigger a RIPK3-dependent necroptotic process that leads to inflammation and eventually to the development of chronic inflammatory conditions as observed in RIPK1 mutated mice (50).

By analyzing the chromatin accessibility and the transcription rate of murine HSCs exposed to 5-FU treatment in vivo, it was observed that some transposable elements mainly belonging to the LINE1, ERV1 and ERVK families were derepressed and activate the RNA sensor MDA5 (51). This leads to the phosphorylation and activation of IRF3 and to the subsequent activation of interferon and inflammation. As a consequence of the activation of a pro-inflammatory state, these HSCs exposed to chemotherapy became more active and allowed the rapid reconstitution of murine blood system; on the opposite Mda5 -/- HSC failed to detect ERVs and maintained a prolonged quiescence state that allows for better long-term bone marrow performance but worse rapid response to stressful conditions such as serial 5-FU treatment (51). Similarly, ionizing radiations trigger monocyte to macrophage differentiation as a result of the establishment of a pro-inflammatory environment which is due to the significant de-repression of ERVs and their asymmetric and anti-sense privileged transcription and the subsequent activation of the MDA5/MAVS (52). This leads to the polarization of the macrophages toward a pro-inflammatory phenotype that allows their high resistance to radiation, but also the acquisition of oncogenic features (52). Despite the multiple evidence for an effect of genotoxic agents (51, 52) and radiotherapy (53) in activating the transcription of ERVs, the epigenetic mechanism underlying this phenomenon remains to be elucidated. However, the involvement of ATM kinase is highly plausible (53). Indeed, ATM has been shown to phosphorylate KRAB-associated protein-1 (KAP-1) at Ser 824 in the presence of double-strand breaks, thereby abolishing its repressive properties (54).



dsRNA Detection: Specific Recognition and Signal Transduction

The major sources of intracellular dsRNAs are: the mitochondrial transcripts, repetitive nuclear sequences, ERVs and natural antisense transcripts (55). Mitochondrial DNA is bidirectionally transcribed and encodes 13 genes. The heavy strand encodes 12 of them, whereas the light chain encodes the thirteenth (55). dsRNAs resulting from bidirectional transcription are minimized by the action of polynucleotide phosphorylase (PNPase) and helicase HSuv3, which form a 330-kDa heteropentamer complex involved in light chain degradation (56). Defects in the mitochondrial RNA turnover pathway lead to the accumulation of dsRNAs (57) and eventually to an altered immune response as a consequence of the release of mitochondrial contents following membrane permeabilization (58). Importantly, mitochondrial dsRNAs are not substrates of ADAR (59) and if released in the cytoplasm they are preferentially recognized by PKR (55).

Nearly 70% of cellular dsRNA is the result of the transcription of repetitive elements, mainly LINEs (3%) and SINEs (67%). Although they undergo extensive adenosine deamination (60) and degradation by RNAseIII (61), untargeted dsRNAs lead to the engagement and activation of MDA5 (melanoma differentiation-associated gene 5), in the case of LINEs, and PKR (protein kinase R) for SINEs, ultimately leading to a Type I Interferon response (62).

dsRNAs also arise from antisense transcripts that pair with sense targets in the cytoplasm (55). However, the high processing rate during the interference process makes quantification and detection of sense:antisense dsRNA challenging (63).

ERVs transcripts fold into dsRNA by bidirectional transcription from LTRs or by self-paring between duplicated ERVs (41). They are frequently deaminated and detected by RLRs (55).

Regardless of their origin, cytoplasmic dsRNAs are recognized by dsRNA-binding proteins, including RIG-I-like receptors (RLRs), PKR, ADAR and oligo adenylate synthetase (OAS) (Table 1). Despite a certain degree of heterogeneity, dsRNA-binding proteins share a dsRNA-binding domain (dsRBD) that adopts an α−β−β−β−α topology structure close to the RNA-recognition motif (RRM) (64).


Table 1 | Indication of the major endogenous sources of dsRNA, their privileged dsRNA-binding proteins, and their propensity to be deaminated.



RLRs are described in detail in the following paragraph. PKR is interferon-inducible, recognizes dsRNA comprised between 33 and 85-100 base pairs (bp) in length and once activated homodimerizes and phosphorylates eukaryotic translation initiation factor 2A (EIF2A) leading to translational inhibition (65) and eventually to apoptosis (66).

ADAR enzymes (ADAR1, ADAR2, ADAR3) perform adenosine-to-inosine (A-to-I) RNA editing of dsRNAs, resulting in A:U->I:C mismatching (59). Mitochondrial dsRNAs and dsRNA derived from sense:antisense pairing are not bound by ADAR enzymes and therefore are not actively deaminated (55). dsRNA ADAR are potent dsRNA binders that sequester dsRNA and prevent their recognition by RLRs (67); at the same time, deamination has destabilizing effects on dsRNA, resulting in decreased activation of the interferon signaling pathway (68). Interestingly, Adar1 mutant mice are embryonically lethal and show and enhanced IFN signature, but concomitant deletion of the RLR MDA5 rescues the phenotype (67), whereas deletion of MAVS delays lethality (69) and RIG-I has no relevant effects (69). For completeness, we report here that it has recently been shown that transcription of ERVs can also be repressed by their genomic deamination by the cytidine deaminase APOBEC3 (70).

In humans, the OAS family consists of four genes (OAS1, OAS2, OAS3, OASL). With the exception of OASL, which is catalytically inactive, OAS enzymes bind short dsRNAs (<20 bp) and catalyze the non-processive synthesis of 2′-5′-linked oligoadenylate (2–5A) molecules which lead to the activation of endoribonuclease L (RNase L) and the subsequent degradation of the modified RNAs (71, 72).

OAS proteins, particularly OAS1, and the editing enzymes ADAR and APOBEC were found upregulated in Systemic Lupus Erythematosus (SLE) (73, 74). Conversely, mutations in ADAR, the gene encoding ADAR1, are associated with immune diseases, like Aicardi-Goutières syndrome (AGS), as a consequence of Type I Interferon hyperactivation (75). Similarly, the risk allele rs10774671 affecting the splicing of OAS1 is associated to the autoimmune disease Sjögren’s syndrome (76). A possible explanation for these divergent findings comes from the observation that the excessive RNA editing observed in SLE facilitates the generation of autoantigens in peripheral tissues, leading to T cells hyper-reactivity (74).

These data indicate that the balance between the decoding of dsRNA and their degradation or modification allows fine activation of the interferon pathway and maintenance of optimal levels of innate cellular immunity (55). This condition is required for the maintenance of cellular and tissue fitness.



ERVs Intracellular Sensing and Signaling

Toll-like receptors (TLRs), in particular TLR3, are localized in the endosomal membrane and are involved in recognizing extracellular dsRNA (77). For the detection of intracellular foreign nucleic acids, cells have evolved other classes of cytoplasmic pattern recognition receptors (PRR). The cytosolic DNA sensor cyclic GMP–AMP synthase (cGAS) allows the detection of cytoplasmic DNA, while RLRs are cytoplasmic sensors of dsRNAs of retroviral origin (78). However, recent evidence prove that these two responses can be integrated. In particular, cytosolic DNA scars arising from combined radiotherapy and ATR inhibition (79) can be transcribed by RNA polIII and fold as dsRNA (80) that are recognized by RIG-I, leading to STAT1 activation and reinforcing the cGAS/STING dependent inflammatory response (79). On the opposite, reverse transcription of RNA viral genome can result in the host in the generation of dsDNA that lead to cGAS/STING activation, as reviewed in (81). An intriguing hypothesis emerging from recent literature is that activation of cGAS/STING in the presence of dsRNA is required to regulate cap-dependent mRNA translation (82) by acting at the level of PKR-like ER kinase (PERK) upstream of TBK1 to redirect ribosomes toward encoding pro-inflammatory factors (83).

RLRs family includes three members: RIG-I (retinoic acid- inducible gene 1, also known as DDX58), MDA5 (melanoma differentiation- associated protein 5, also known as IFIH1), LGP2 (laboratory of genetics and physiology 2) (78). LGP2 is structurally different from MDA5 and RIG-I and it is considered as an adaptor protein involved in the regulation of RIG-I and MDA5 functions. In particular LGP2 promotes the nucleation and the following activation of MDA5 (84), while it seems to block directly the activation of RIG-I by inhibiting its ubiquitylation (85), or indirectly through the competitive binding to dsRNAs (86) or MAVS (87). However, conventional dendritic cells (cDCs) obtained from Lgp2-/- or with a point mutation in the LGP2 helicase domain (K30A) were reported to be unable to release IFNβ in response to infection with RNA viruses (picornaviridae, EMCV, and mengovirus), with the exception of influenza virus, while they efficiently responded to synthetic poly I:C (88). Therefore, further studies seem necessary to clarify the role of the CARD-less LGP2 in regulating MDA5 and RIG-I signaling.

RLRs have a central SF2 helicase domain with ATPase activity and a carboxy-terminal domain (CTD) that bears an RNA binding domain. While in RIG-I the binding to RNA leads to the unlock of its closed conformation and to the formation of short RIG-I oligomers, in MDA5 it triggers the polymerization of long MDA5 filaments (89). This difference reflects their binding preference as RIG-I binds 5’-triphosphate ssRNA (90) and small dsRNAs (70-2000 bp long, like the ones generated by negative strand paramyxoviruses, influenza virus and Japanese encephalitis virus), whereas MDA5 recognizes long dsRNA molecules, as the positive strand picornaviruses (> 2kb long) (91, 92). In fact, Rig1-/- mice are embryonic lethal, while Mda5 -/- mice are healthy up to 6 months of age, but in both the cases the knock-out mice are highly sensitive to viral infections with the respectively recognized viral strains (91). RIG-I and MDA5, but not LGP2, contain two caspase activation and recruitment domains (CARDs) at their amino terminus. Once activated, as a consequence of a conformational change, MDA5 and RIG-I expose the CARD domains. This allows homotypic CARD–CARD interactions with MAVS. MAVS (93–95) is a mitochondrial protein that once activated by RLRs gives rise to the formation of fibrils with a prion-like structure (96) in response to a TRIM31-dependent K63-linked MAVS polyubiquitination; once aggregated, MAVS activates TBK1 and IKKϵ kinases, which in turn activate the transcription factors IRF3/IRF7 and NF-κB, ultimately leading to type I interferon pathway activation (97). The deletion of the CARD domain at the N-terminus of MAVS prevents its RLR-activated aggregation (98) and displays a dominant-negative effect on endogenous MAVS aggregation and signaling (94). Similarly, IFNAR depletion or IFN signaling blockage blunts RLR/MAVS pathway and limits the effects of cytolysis observable after an RNA virus infection (99, 100).

The activities of RLRs are deeply regulated at post-transcriptional levels (78). RIG-I is activated by the TRIM25 mediated K63 poly-ubiquitylation of its CARD domain that triggers RIG-I oligomerization (101). Conversely, the K48 poly-ubiquitylation of RIG-I triggers its proteasomal degradation (102), that is blocked by its TRIM38 dependent SUMOylation (103). The phosphorylation of RLRs is linked to their inactivation: the PKC and CKII mediated phosphorylation of RIG-I (S8, T170, T770, S854, S855) and the RIOK3 mediated phosphorylation of MDA5 (S88, S828) are both reversed by the activating dephosphorylation exerted by PP1 (78). The acetylation of RIG-I in its CTD blocks its ability to bind dsRNA, while its HDAC6-mediated deacetylation switches on its activity (104). Curiously, another class II HDAC, HDAC4, was identified for its ability to block the antiviral response by inhibiting IRF3, TBK1 and IKKϵ downstream to PRR (105), or by regulating the acetylation status of well-defined inflammatory -related super-enhancers (106). Finally, many partners regulate the oligomerization of RIG-I and MDA5 or act as co-receptors of dsRNAs (ZCCHC3, DDX60, DHX15, PACT, reviewed in (78)), while 14-3-3 proteins mediate the cytosol-to-mitochondria translocation of RLRs, thus allowing their interaction with MAVS (107).



Impact of RLRs on Cellular Senescence and Aging

RLR signaling was reported to impact on cellular processes likewise cellular senescence, proliferation and survival, and on physiological and pathological processes such as aging and autoimmune diseases (108–110).

Aged senescence-accelerated mouse prone-8 (SAMP8) mice are characterized by the activation of RIG-I/NF-κB pathway and the accumulation of proinflammatory cytokines (IL-6, NO) in the absence of exogenous viral stimulation (111). Moreover, RIG-I was found to be up-regulated both at RNA and protein levels in models of replicative senescence and murine aging, in an ATM-dependent manner (112). In senescent cells, RLRs activation promotes TBK1-dependent phosphorylation of IRF3 and IRF7 (primary response), their subsequent nuclear translocation and the transcription of IFN and IFN-regulated transcription factors (secondary response) that further reinforce IFN-signaling (113). In parallel, RLRs trough MAVS engagement trigger the NF-κB dependent induction of IL-6 and IL-8, while Klotho suppresses RIG-I-mediated senescence-associated inflammation by directly interacting with it and blocking its multimerization (112). On the contrary, Rig-I-/- mice display marks of premature aging like hair loss and moderate lethargy and Rig-I-/- MEFs fibroblasts undergo a premature replicative senescence characterized by amplified integrin β3/p38 MAPK signaling (114). These two reported functions of RIG-I are difficult to reconcile unless we hypothesize that the existence of compensatory circuits, such as the one involving MDA5, may affect the phenotype observed in Rig-I-/- mice.

Indirect evidences link MAVS to the induction of cellular senescence. In SLE, Bone marrow-derived mesenchymal stem cells (BM-MSCs) undergo premature senescence that correlates with the increased mRNA and protein levels of MAVS and IFNβ (115). The knock-down of MAVS partially rescues the phenotype by decreasing the levels of p16 and p53 and attenuating the release of pro-inflammatory cytokines (115).

The unclear role of RLRs in affecting senescence onset is traced by the reciprocal influences of the oncogene HRAS on RLR signaling. In fact, while oncogenic HRAS (HRASG12V) strongly inhibits Sendai virus-induced type I interferon signaling, ectopic expression of HRAS or the catalytically inactive HRASN17 in 293 cells impairs the formation of MAVS-TNF receptor-associated factor 3 signaling complexes (116).

In consideration of these data, it is even more urgent to determine the impact of RLRs modulation in models of Oncogene-Induced senescence.

Patients with mutations in RIG-I and MDA5 suffer for autoimmune diseases. RIG-I mutations lead to atypical Singleton-Merten Syndrome, while MDA5 mutations are associated to classical Singleton-Merten Syndrome, Aicardi-Goutières syndrome, Systemic Lupus Erythematosus, Type 1 Diabetes and Graves disease (117). The RLR missense mutations observed in these diseases are gain-of-function and lead to exaggerated Type I Interferon response activation (118), probably reinforced by autoantigens generation (74).

How much RLRs over-activation depends on de-repression of ERVs is still unknown. However, it is not incorrect to hypothesize that a prolonged basal RLR activation following a prolonged exposure to RNA viruses or to ERVs de-repression could lead to the establishment of chronic inflammatory states.



ERVs in Cellular Senescence, Neurodegeneration and Aging

A deep epigenetic resetting (119) and the activation of certain super-enhancers (106) characterize replicative senescence and aging. On the opposite, heterochromatinization has been considered for decades a typical feature of senescent cells (120), even though by the time its specificity and relevance as senescent marker has been a matter of debate (121, 122). In general, a perturbation of the epigenetic environment has been reported to trigger or allow the escape of cellular senescence, demonstrating in this way the centrality of the epigenetic control of this process (119). The alteration of heterochromatin/euchromatin compartments lead to the activation of TE and ERVs expression in different models of cellular senescence (123) (Figure 3). ERV expression is expected to sustain the establishment of a senescence-associated secretory phenotype (SASP) (123), which in turn should reinforce the senescence response (119, 124). Accordingly to this evidence, the PRC2-dependent heterochromatinization induced by re-expressing the methyltransferase DNMT3L in pre-senescent MEFs allows the repression of ERVs and a marked delay in the onset of senescence (125).




Figure 3 | Main histone epigenetic regulators involved in ERV de-repression during senescence and aging. Exemplary scheme of the agonistic/antagonistic epigenetic regulators acting on the chromatin remodeling of ERV loci.



Methyl-binding domain sequencing and RNA sequencing of murine skeletal muscles evidenced a global down-regulation coupled to increased DNA methylation of ERVs in the early phase of aging, that is followed by their de-repression and demethylation in the late phase (>20 months) of aging (126). Curiously this methylation rewiring was not observed in T cells (126).

By comparing the expression of HERV-K and HERV-W proviruses in red blood cells obtained from young and nonagerians individuals, Nevalainen and colleagues observed a statistically significant differential expression among the two groups of 3 out of 33 and 1 out of 45 detectable HERV-K and HERV-W members (127). Despite the slightest differences, the global expression of the HERV-K and HERV-W members allows the two groups to be perfectly segregated (127). On the contrary, by analyzing by means of qPCR the transcriptional activity of HERV-H, HERV-K, HERV-W, and HERV-E in PBMCs from 261 subjects, Balestrieri and colleagues identified increased levels of HERV-K and HERV-W in oldest subjects (128). Similarly, in another study, the DNA methylation status of HERV-K loci in 177 samples of peripheral blood mononuclear cells obtained from volunteers between 20 and 88 years of age evidenced two waves of demethylation that occur during ages 40-63 and again during ages 64-83 (129). To explain at least in part the ambiguities and contradictions associated with the expression of ERVs during aging, it has been demonstrated that the percentage of circulating senescent human hematopoietic stem and progenitor cells (HSPC) does not increase with age, as they are actively cleared by the organism as a consequence of the release of eat-me signals (130). This evidence is questioned by the concept of immunosenescence, that will be explored later on in the manuscript. Furthermore, due to technical difficulties, it is currently not possible to clarify how many of the transcripts resulting from ERV de-repression are actively deaminated and inactivated (22).

On the opposite, transposable elements (TE), and ERV in particular, were de-repressed in HSPC cells brought to senescence in vitro (130). This de-repression is coupled to DNA demethylation that occurs in senescent HSPC cells (131). In particular, hypomethylated regions in senescent HSPC cells obtained from three healthy donors and sorted out on the basis of senescence-associated beta-galactosidase (SA-βgal) activity (C12FDG staining) are focal rather than global (131) and mainly fall in correspondence to repetitive elements and active enhancers characterized by CEBP binding (131). Curiously, expression of repetitive elements (Alu, ERV1, ERVL, ERVK, and LTR retrotransposons) and inflammatory cytokines is attenuated in leukemic stem cells (LSCs) in acute myeloid leukemia (AML), suggesting that escape from senescence and immune surveillance may be the origin of AML (132).

Tauopathies are neurodegenerative diseases characterized by the accumulation of pathological deposits of Tau protein in the brain (133). In Alzheimer’s disease (AD), the accumulation of misfolded amyloid-β peptide or of Tau aggregates leads to heterochromatin relaxation and de-repression of silenced loci that ultimately leads to DNA damage and activation of cellular inflammation (134). De-repression of retroviral and transposable elements have been proposed to play a role in neurodegeneration and AD (3, 135). Retrospective analysis of 636 deceased AD-affected-subjects identified significant de-repression of HERV-Fc1 transcripts (136). In a Drosophila model of AD achieved by expressing a mutant isoform of Tau protein (tauR406W) and analyzing the data obtained from head samples at day 10 of adulthood, an age at which neuronal deficits become evident, the same authors identified a significant de-repression of retroviral elements, similarly to what observed in human samples (136). RNA-seq analysis performed in tauR406W and WT heads identified 50 and 60 transposable elements that are respectively significantly increased and decreased in tau transgenic model (137). Most of them are Class I long terminal repeat (LTR) retrotransposons (137). Moreover, the forced mobilization of transposable element achieved in tauR406W flies by silencing the flamenco locus increased neurotoxicity and locomotor deficits. In tauopathy, the mobilization and transcription of transposable elements is the result of the decreased expression of piwi and piRNAs (137) and heterochromatin decondensation (137), probably as a result of impaired H3.3 turnover (138).

Curiously, the de-repression of ERVs was observed also in cancer models and in cancer patients (139). In tumors, TERT promotes the Sp1-dependent de-repression of hERVs that fold in dsRNA and trigger the RIG-I/MDA5-MAVS signaling thus inducing inflammation and creating an immunosuppressive environment (140). The de-repression of retroviral elements was observed also in melanoma patients and was the result of CpG demethylation (141). Decreased DNA methylation levels allow the segregation between nevi and malignant melanocytic lesions and successful predict a worse prognosis (141). It has been reported that the activation of p53 leads to the repression of the H3K4 Histone demethylase KDM1A (LSD1) and the DNA demethylase DNMT1 and to the subsequent de-repression of hERV transcription. The concomitant repression of RISC components DICER, AGO2, and TRBP2 and the induction of dsRNA sensors RIG-I and MDA5 lead to the activation of Type I and III Interferon responses and could be exploited to overcome cancer resistance to immune checkpoint blockage (142). In multiple myeloma (MM), the dual inhibition of H3K27 and H3K9 methyltransferases EZH2 and G9a leads to the de-repression of ERVs genes, the activation of IFN signaling, the suppression of IRF4-MYC axis and the impairment of xenograft formation by MM cells in mice (143). Finally, radiation resistant head and neck squamous cell carcinoma clones are characterized by the acquisition of a senescence-associated secretory phenotype (SASP) and the de-repression of ERVs (ERV3-1) (144).

To sum up, ERVs were found to be reactivated and actively transcribed in patients with autoimmune diseases, neurodegeneration, cancer (139, 145, 146) and during physiological aging (123, 127, 131, 147). Common characteristics of these states are the accumulation of DNA damage, ER-stress and higher systemic inflammation (148). Different cellular responses are mediated by the activation of interferon in these states: survival, cell death, cytokines release. More work is required to clarify whether these differential responses depend on the intensity and magnitude of the signaling pathways activated or on the differential signal transducers activated in the different contexts. Moreover, the integration of the RLR and cGAS/STING pathways (79, 80) makes the analysis of the contribution of the different signaling molecules even more complex but reiterates the importance of nucleic acid sensors in regulating not only cellular innate immunity but also cellular fitness (83).



ERVs and RLRs in Immunosenescence

Immunosenescence is characterized by increased proportions of CD14+ monocytes, decreased CD19+ B lymphocytes and increased proportions of CD4+CD28- and CD8+CD28- T lymphocytes, resulting in a deep immunosuppression concomitant with an high inflammation (149). The aging-associated decline of the immune system was observed to predispose individuals to fatal infections or increase the risk of cancer (150). By comparing the expression levels of HERV-K(HML-2) in the peripheral blood mononuclear cells between nonagenarians (n=61) and young controls (n=37), Marttila and colleagues identified lower levels of HERV-K(HML-2) in nonagerians and HERV-K(HML-2) levels did not correlate with any marker of immunosenescence (151). Moreover, the release in the blood of pro-inflammatory cytokines (TNF-α, IL-1β, IL-6, and IL-8) after stimulation with RLR ligands (5’ppp-dsDNA and poly(I:C)) was comparable between young (20-39 years) and elderly (60-84 years) healthy participants (152). On the contrary, an indirect evidence of a driving role of HERV de-repression in inflammaging comes from the analysis of HERV-K (HML-2) provirus levels in the peripheral blood mononuclear cells (PBMC). In PBMC obtained from older individuals, HERV-K transcript levels correlate with deregulated activities of neutrophils (147).

Psoriasis is a Th17 cytokine-mediated chronic inflammatory disease; CD8+ T cells obtained from psoriasis patients display features of immunosenescence as they are for the most part senescent or terminally differentiated. Curiously, psoriasis patients have increased proportions of Tregs but with a decreased regulatory potential (153). Interestingly, MDA5 levels are increased in psoriatic lesions. Whether this represents a consequence of the inflammatory state or its source is still unknown (153).

Monocytes obtained from older (age 65-89) adult donors in respect to younger (age 21-30) donors were found to be impaired in IFN induction after exposure to RIG-I–specific 5’-ppp 14-bp dsRNA ligand (113), correlating to the increased vulnerability of elderly people to Influenza A virus (IAV) infection (154). The impairment in RIG-I signaling in aged monocytes is related to the increased basal proteasomal degradation of the adaptor protein tumor necrosis factor receptor–associated factor 3 (TRAF3) and to the defective induction of IRF8, as the re-expression of TRAF3 and IRF7 rescues IFN-signaling (113). Defective IFN signaling was detected also in Plasmacytoid Dendritic Cells (pDCs) from elderly people after the engagement of TLR (155) and in memory T cells after TCR engagement (156).

Further studies are needed to determine whether ERV de-repression may directly lead to immunosenescence or is merely a contributory cause that combines with the signaling decoding defects observed in aged immune cells. A better understanding of the multiple defects in innate antiviral signaling that occur with aging will help identify new potential targets for precise therapeutic interventions.



Discussion: Does the ERV Dependent Activation of RLR (RIG-I-Like Receptors)-MAVS Pathway Directly Control Senescence and Aging?

The de-repression of ERVs and the activation of RIG-I/MDA5/MAVS pathway were observed during neurodegeneration, cancer, aging and autoimmune diseases (108, 109). Whether loss-of-function experiments have clarified the direct role of RLRs in sustaining the inflammatory states and the interferon signaling observed in this physiological and pathological states, the studies regarding the roles played by ERV in sustaining this signaling pathways are mainly correlative. The high number of repetitions and their inhomogeneous distribution in the genome make the modulation of ERV expression biotechnologically demanding. New approaches based on CRISPR/Cas9 technology are demonstrating that the expression of ERVs and the subsequent activation of RLRs can impact on cellular fitness; however, the intra-cellular and extra-cellular effects resulting in ERVs de-repression appear to be only complementary to a primary stressful event, such as DNA damage (157) or the activation of a basal inflammatory state (158). Nevertheless, RLRs inhibition holds promise for the treatment of autoimmune diseases and interferonopathies, while RLR agonists may have a future in cancer therapy, to induce a pre-senescence state or to increase sensitivity to apoptotic agents. In this regard, agonistic activation of RIG -I by IVT4 was found to increase tumor shrinkage by CD8+ and NK cells in immunocompetent EGFR-driven in vivo tumor models treated with EGFR inhibitors (159).
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More than half of all patients with colorectal cancer (CRC) develop distant metastasis and, depending on the local stage of the primary tumor, up to 48% of patients present peritoneal carcinomatosis (PC). PC is often considered as a widespread metastatic disease, which is almost resistant to current systemic therapies like chemotherapeutic and immunotherapeutic regimens. Here we could show that tumor cells of PC besides being senescent also exhibit stem cell features. To investigate these surprising findings in more detail, we established a murine model based on tumor organoids that resembles the clinical setting. In this murine orthotopic transplantation model for peritoneal carcinomatosis, we could show that the metastatic site in the peritoneum is responsible for senescence and stemness induction in tumor cells and that induction of senescence is not due to oncogene activation or therapy. In both mouse and human PC, senescence is associated with a senescence-associated secretory phenotype (SASP) influencing the tumor microenvironment (TME) of PC. SASP factors are able to induce a senescence phenotype in neighbouring cells. Here we could show that SASP leads to enhanced immunosenescence in the TME of PC. Our results provide a new immunoescape mechanism in PC explaining the resistance of PC to known chemo- and immunotherapeutic approaches. Therefore, senolytic approaches may represent a novel roadmap to target this terminal stage of CRC.
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Introduction

Colorectal cancer (CRC) is the second leading cause of cancer-related deaths in the Western world (1). Although there are increasing efforts for better clinical and mechanistic insights, CRC patients displaying metastasis at the time of diagnosis show a poor five-year survival rate of only 14% (1). In this context, patients with PC show worst prognosis (2) and do not benefit from systemic chemotherapy. The only successful therapy so far is the removal of all visible metastases (3). One possible reason for the resistance of PC patients to chemotherapy is the low penetration of systemically applied chemotherapeutics in the peritoneal cavity (4). To overcome this resistance, Sugarbaker introduced a heated intraperitoneal chemotherapy (HIPEC) nearly 30 years ago (5). However, the advantage of HIPEC together with cytoreductive surgery is not clear as a (clinical) phase III trial showed no superior overall survival in the cytoreductive surgery (CRS) plus HIPEC group as compared with cytoreductive surgery alone (6). Senescence, a permanent cell cycle arrest, has long been viewed as a mechanism against malignant transformation (7). In a mouse model recapitulating pancreatic cancer development, the prevention of senescence leads to excessive tumor growth, highlighting the need for senescence induction in cancer containment (8, 9). In general, stressed cells halt their cell cycle machinery and become either apoptotic or become senescent. We previously showed that PC is characterized by tumor cells showing features of senescence (10). These results argue against the long held view that senescence amounts to permanent cell-cycle arrest that prevents cancer formation and progression in mammals. In line with human PC samples, several studies could show that senescent cells can escape from senescence and give rise to aggressive tumors in human cell lines and in murine cancer models (11–13).

Although senescent cells are arrested in the G1 or G2/M phase of the cell cycle (14, 15), they heavily upregulate proinflammatory molecules encompassed by SASP via active metabolic reprogramming (16). Secretion of proinflammatory molecules mediate many of the physiopathological effects of senescent cells.Although senescent PC cancer cells should attract immune cells and get eliminated through the immune surveillance (17, 18), most PC cancer cells upregulate senescence markers and accumulate within the tumor. Senescent cancer cells that escape from growth arrest and resume proliferation appear to express stem cell markers, linking senescence-associated stemness with treatment failure and subsequent relapse (19). Senescent cells are able to induce a senescent phenotype in adjacent cells, including immune cells (20). Yet, to date, the role of senescence in the tumor microenvironment (TME) remains poorly characterized.

In vivo mouse models of CRC develop a tumor burden that causes death of the animals before solid tumors can even progress to a metastatic stage (21–23). Fumagalli et al. developed an orthotopic transplantation model of 3D epithelial organoid cultures, which not only progress to a primary solid tumor but also form distant metastases in the liver and the lung (24, 25). These organoids thus mimic primary tumors and are therefore suitable to recapitulate the clinical situation precisely (26). Therefore, we adapted this model for PC to analyze the cancer cells and the TME in (more) detail, and to compare PC with both primary tumor and liver metastasis samples.

We previously described a senescence phenotype within tumor cells of peritoneal carcinomatosis using human patient data. In the present study, we show, in patient specimens and in a mouse model, that senescent tumor cells are associated with increased stemness as seen by the upregulation of stem cell markers. Using our murine transplantation model, we demonstrate that PC samples similarly upregulate senescence and stem cell markers as found in human PC. In comparison to primary tumors, murine liver metastases showed no upregulation of these markers, indicating that the site of metastasis by itself, rather than oncogene expression or therapy, is critical for senescence. Both human and murine senescent PC cells showed unique SASP features, with factors that are known to induce senescence in neighboring cells. Our results show that tumor-infiltrating lymphocytes (TILs), derived from human and murine PC, carry features of dysfunctionality such as PD-1 and senescence such as IFN-γ or Tim-3 and conversely downregulate co-stimulatory molecules such as CD27 or CD28. Induction of immunosenescence by senescent tumor cells is not limited to PC but could be a broader escape mechanism of aggressive tumors that are resistant to checkpoint inhibitor blockade. within the most aggressive malignant primary brain tumor, the Glioblastoma multiforme (GBM), several studies could show that patients with GBM have significantly more senescent cancer cells and more senescent T cells not only in the TME but also systemically in the peripheral blood compared with healthy age matched controls (27–29). Our results provide insights into a unique metastatic tumor site and shed new light on the mechanistics of senescence and immunosenescence within PC. Senescent PC cells harboring stem cell characteristics and senescent TILs could thus account for resistance to chemotherapy and immunotherapy, repectively.



Material and Methods


Human Samples

Patients suffering from PC or liver metastasis caused by cancer of the appendix, colon, rectosigmoid or rectum as primary tumor sites were included. For immunohistochemistry, FFPE samples of patients (n = 50) who had tumor surgery on PC of colorectal origin between 2004 and 2019 were analyzed. The mean peritoneal cancer index (PCI), measuring PC extent (total score 1–39) of all patients was 16. The clinicopathological characteristics are summarized in the Supplementary Table 2. The extraction of samples was conducted by experienced surgeons. Tumor tissue for FACS analysis was excised during routine pathological examination. FACS analysis was performed with samples of patients (primary colorectal cancer CRC n=5, liver metastases n=5, PC n=5) treated with tumor surgery in 2021. PC patients’ records in the computer database were analyzed with regard to pathological diagnosis, TNM staging and to obtain patient survival. All patients gave written consent. This study was conducted according to the Declaration of Helsinki and was approved by the ethics committee of the University of Regensburg and University of Freiburg.



Mice

C57BL/6J mice were provided by Charles River (Sulzfeld, Germany). Animal experiments were in accordance with animal welfare regulations and had been approved by the local authorities (Regierungspräsidium Freiburg).



Organoids and Organoid Culture

APTAK organoids are tumor organoids that are devoid of Apc, Tp53, Tgfbr2 and express constitutively active Kras (KrasG12D) and an activated/myristoilated isoform of Akt1. The organoids are a gift from F. Greten, (Georg-Speyer-Haus, Frankfurt).

The APTAK organoids were isolated from a colon of a p53flox/flox::Tgfbr2flox/flox mouse. The established organoids harbor loxP sites flanking exon4 of the TGFBR2 gene and Intron 1 and 10 of the TP53 gene. The APC knock out was introduced using CRISPR/Cas9 transgenesis and confirmed by Western Blotting. The organoids were transfected with Cre-IRES-puroR plasmid (Addgene #30205) that encode Cre recombinase to ablate Tgfbr2 and p53. Kras gain of function was obtained by overexpressing the constitutive active version of the murine KRAS gene KRASG12D (cloned in Addgene plasmid #111164) by retroviral transduction. Myristoilated Akt1 was obtained by overexpression the active form of Akt1 (cloned in Addgene plasmid #) by retroviral transduction. APTAK organoids were cultured in basal medium (Advanced DMEM-F12 supplemented with penicillin/streptomycin, HEPES (10mmol/L, Invitrogen), Glutamax 1x (Invitrogen), N2 1x (Gibco), B27 1x (Gibco), and N-Acetylcysteine (1mmol/L, Sigma-Aldrich). Hygromycin (200 µg/mL) and puromycin (2 µg/mL) was added to maintain that the genes are mutated. The organoids were subcultured in Cultrex Reduced Growth Factor Basement Membrane Extract, Type 2 (R&D Systems, Bio-Techne, USA) and passaged every 5-7 days.



Surgical Transplantation of Organoids Under the Subserosa of the Cecum

In Cultrex Reduced Growth Factor Basement Membrane Extract grown APTAK organoids were dissociated into a single-cell suspension by mechanical disruption followed by enzymatic digestion for 20 minutes at 37°C using TrypLE (Gibco) and were washed once in ice-cold PBS. Single cells were then resuspended in an ice-cold Type I collagen/5x Collagen neutralization Buffer (4:1 v/v) ratio) with a concentration of 125.000 cells/10 µL. The 5x collagen neutralization buffer is composed of 2.5 g alpha MEM powder (5x) and 2% (w/v) NAHCO3 in 45 mL Aqua dest. and 5 mL of 1M HEPES and set to pH 7.5. 10 µL domes of collagen were plated in 6-well multiwell plates. The domes polymerized for 45 minutes at 37°C. Afterwards basal medium was added. The collagen domes were cultured overnight until transplantation. For orthotopic transplantation, the mice were shaved and anesthetized with 2.5% (v/v) isoflurane. Analgesia was guaranteed by intraperitoneal injection with buprenorphine. The mouse was placed on its back on a heating pad and legs were fixed with leukoplast. Isoflurane was lowered to 1.8% (v/v). A 10 – 15 mm incision was made along the linea alba to open the abdomen. The cecum was placed on a wet sterile gauze. A 3 – 4 mm incision through the cecal serosa was made at the end of the cecum in an area without vessels. The serosa was separated from the submucosal layer and a deep pocket was formed. The pocket was enlarged to the size that the collagen dome could be deeply embedded in it. The collagen dome was placed under the serosa in the pocket and the serosa was tightly closed above the collagen dome securing the collagen dome to be tightly embedded in its pocket. The incision was covered with Seprafilm (Baxter, USA). The cecum was carefully placed back in the abdomen. The peritoneum and abdominal wall were separately closed by a continuous suture. The mice were placed on drinking water supplemented with metamizole (5 mg/mL) for 3 days.



RT-PCR

RNA was extracted by RNeasy Mini Kit (Qiagen) and was reverse-transcribed to cDNA with oligo(dT)16 primer (Qiagen, QuantiTect Reverse Transcription Kit) according to the manufacturer´s protocol. The cDNA served as template for amplification of target genes, as well as the housekeeping genes by real-time PCR. Intron-spanning primer sets were used throughout all experiments and were designed with Primer 3 Input (https://primer3.ut.ee/). Quantitative RT-PCR was performed with the primer described in the Supplementary Table 1 using the Qiagen SybrGreen RT PCR Kit (Qiagen) and the LightCycler480 (Roche, Switzerland) according to the manufacturer´s protocol. The LightCycler480 software was used to obtain second derivative crossing point values and relative expression of target genes was calculated by comparative method after normalization to housekeeping gene expression.



RNAseq

Mouse APTAK tumor tissue (primary tumors n=3, PC n=3) was minced with a rotor-stator-homogenizer (IKA, fisher scientific, USA). RNA was extracted with RNeasy Mini kit (Qiagen). RNAseq was performed by Genewiz, Leipzig, Germany. Hereby cDNA sequencing libraries were prepared using poly(A) mRNA. The libraries were sequenced as 2x150 bp paired end using the Illumina NovaSeq instrument (Illumina, USA).

For bioinformatics analysis of RNAseq data, reads were aligned to the mm39 genome with STAR v2.7.3a (30) using -outSAMtype BAM SortedByCoordinate –outSAMunmapped Within –outSAMattributes Standard –readFilesCommand gunzip as parameters. Counts were obtained using featureCounts v2.0.0 (31) using -p -B -C -Q 10 –primary -T 8 -s 0 as parameters. Differential expression analysis was performed using DESeq2 v1.32.0 (32) using variance stabilization transform normalization.



Gene Set Ontology Analysis

Gene Set Ontology Analysis (GSEA) was carried out using GSEA v 3.0 (33), using weighted statistic, difference of classes (from pseudo-log2+1 tranformed data), gene set permutation and median-division normalization.



Data Availability

All RNA-Seq data used in this study were deposited at the Gene Expression Omnibus (34) under accession GSE202454.



Isolation of Tumor Cells and Leucocytes From Mouse and Human Tissue

Mice were killed and primary tumors (n=27), liver metastases (n=15) and PC (n=16) were retrieved in ice-cold PBS. Tumors were minced with scissors and dissociated enzymatically with the tumour dissociation kit mouse, (Miltenyi) and mechanically with the gentleMACS tissue dissociator (Miltenyi, Germany) according to the manufacturer’s instructions. The resulting single cell suspension was filtered through a 100 µm cell strainer (Greiner Bio-One) and erythrocytes were lysed with ACK lysis buffer (Gibco). Cells were counted and either used for organoid culture or FACS staining.

Human samples for FACS analysis were excised during routine pathological examination from patients with tumor surgery in 2021. Primary CRC samples (n=5), liver metastases (n=5) and PC (n=5) were cut in small pieces and enzymatically and mechanically dissociated with the tumor dissociation kit human (Miltenyi) and the gentleMACS tissue dissociator (Miltenyi) according to the manufacturer´s protocol. After dissociation, the resulting single cell suspension was filtered through a 70 µm cell strainer and erythrocytes were lysed with ACK lysis buffer (Gibco).



Flow Cytometry

Isolated human and mouse single cell suspension were either stimulated for cytokine analysis or directly proceeded with antibody staining. For stimulation, cells were stimulated with Cell Activation cocktail (Biolegend) for 3 hours and Brefeldin A was added for another 2 hours. Cells were first stained with live/dead staining with Zombie NIR Fixable Viability kit (Biolegend) and Fc receptors were blocked with Fc block TruStain FcX™ (anti-mouse CD16/32) antibody (Biolegend). Cells were then incubated with fluorescence-labelled antibodies (Supplementary Table 1) for surface staining in FACS buffer (PBS, 2% BSA) for 20 minutes at 4°C. For intracellular staining, cells were fixed in fixation buffer (Foxp3 staining buffer, Invitrogen) for 1 hour and washed two times in permeabilization buffer. Cells were stained with intracellular antibodies (Supplementary Table 1) for 20 minutes at 4°C in permeabilization buffer, washed once in permeabilization buffer, and analyzed on a BD LSRFortessa™ flow cytometer (BD Biosciences, USA).



Immunohistochemistry

Human primary tumour tissue (n=5) and PC tissue (n=50) and mouse tissue from the orthotopic organoid mouse CRC model (primary tumor n=4, liver metastases n=4 and PC n=4) were harvested, fixed in 4% paraformaldehyde for 24 hours and embedded into paraffin.

Briefly, slides were deparaffinized with Rotihistol (Carl Roth), rehydrated in a descending alcohol series, and finally washed with PBS and water. Antigen retrieval was performed by cooking the slides in 20mM Citrate Buffer (pH 6.0) or Tris-EDTA (pH 9.0). To reduce endogenous peroxidase activity the slides were incubated with 3% H2O2 for 30 minutes. Background staining was reduced by incubating the slides in goat serum (Sigma-Aldrich) followed by incubation with the primary anti-mouse or anti-human antibody at 4°C overnight (Supplementary Table 1). Next day slides were washed and primary antibodies were detected using goat anti-rabbit or goat-anti-mouse biotinylated secondary antibody (abcam) according to the manufacturer’s instructions. Streptavidin hrp (abcam) and DAB plus (Zytomed Systems) was added, the slides were washed with H2O, counterstained with haematoxylin and mounted with Rotihistokit (Carl Roth). Tumor slides were visualized by Axio Scan.Z1 (Carl Zeiss, Germany) with 20x magnification scan. Positive-stained cells were quantified based on five high-power fields each representing characteristics of the whole tumor slide. Cells were counted by two independent examiners with ImageJ (Wayne Rasband, National Institutes of Health, USA = Rasband, W.S., ImageJ, U. S. National Institutes of Health, Bethesda, Maryland, USA, https://imagej.nih.gov/ij/, 1997-2018.).



Immunofluorescence

Organoids were stained as previously described (35). APTAK organoids were seeded in 40 µL Cultrex Reduced Growth Factor Basement Membrane Extract, Type 2 (R&D Systems, Bio-Techne) in 8-well Millicell® EZ SLIDES (Merck) and incubated for at least two days in organoid culture medium. Proliferation was analyzed by EdU incorporation (Invitrogen) 6 h prior to fixation. Organoids were fixed in 4% Paraformaldehyde in PBS at room temperature for 20 minutes. Fixative was removed and organoids were washed once in IF buffer (PBS, 0.2% Triton X-100, 0.05% Tween). Then 300 µL of permeabilization solution (PBS, 0.5% Triton X-100) was added for 30 minutes at room temperature. After permebilization, the organoids were blocked in blocking solution (IF buffer, 1% BSA) for 30 minutes at room temperature. EdU visualization via Click-iT cocktail was performed prior to primary antibody staining following the Invitro click-iT staining protocol (Invitrogen). Primary antibodies (Supplementary Table 1) were incubated overnight in a humidified chamber at 4°C. After overnight incubation, chamberslides were washed three times with IF buffer and the appropriate secondary antibody was added for 1 hour at room temperature. After incubation, secondary antibody solution was removed and organoids were stained for DNA with DAPI (1 µg/mL) in IF buffer for 5 minutes. Chambers were then washed three times with IF buffer, chambers were detached and slides were covered in fluorescence mounting medium (DAKO) and analyzed with a Zeiss LSM880 microscope (Carl Zeiss, Germany).



RNA In-Situ Hybridization

In-situ Hybridization (ISH) was conducted using RNAscope® (Advanced Cell Diagnostics by Bio-Techne) for Lgr5. Staining was performed using RNAscope® 2.5 HD Detection Reagent BROWN and RNAscope® FastBrown (DAB) Kit. Supplied Hs-UBC and dapB served as negative and positive control respectively. Experiments were performed according to the supplied manual. Epitope recovery was performed as described above. Nuclear staining was performed with Mayer’s hematoxylin (Sigma-Aldrich) diluted 1:5 in Aqua dest.

instead of haemalum according to Gill I. Tumor slides were visualized by Axio Scan.Z1 (Carl Zeiss, Germany) with 20x magnification scan. Positive-stained cells were quantified based on five HPF with Zen Blue (Carl Zeiss, Germany). Cells were counted by two independent examiners with ImageJ (Wayne Rasband, National Institutes of Health, USA = Rasband, W.S., ImageJ, U. S. National Institutes of Health, Bethesda, Maryland, USA, https://imagej.nih.gov/ij/, 1997-2018.).



SA-β-Gal Activity Assay in Cryosections

SA-β-gal activity was measured with the senescence β-galactosidase staining kit (Cell Signaling Technology) as recommended by the manufacturer. Briefly, 20 µm serial cryosections from human liver metastases (n=3), human PC (n=3), mouse primary APTAK tumors (n=5), APTAK liver metastases (n=5) and APTAK PC (n=5) were washed with PBS and fixed in fixation solution for 10-15 minutes at room temperature. Then the slides were washed twice in PBS and β-galactosidase staining solution was added. The pH of the β-galactosidase staining solution was adjusted to pH 4.0 (positive control), pH 5.5 (SA-β-gal activity) and pH 7.0 (negative control). Slides were incubated overnight at 37°C in a dry incubator. The stained slides were rinsed in PBS and analyzed using a Zeiss Axio Scan.Z1 (Carl Zeiss, Germany) All images were analyzed using Zen Blue software (Carl Zeiss, Germany).



FACS-Based SA-β-Gal Measurement

Measurement of SA-β-gal activity by FACS analysis was done as described elsewhere (36). In brief, 1x106 single cells isolated from primary tumors, liver metastases and PC were seeded into one well of a 24-well-plate and incubated with 100 nM bafilomycin A1 (Sigma-Aldrich) in serum-free medium at 37°C. Bafilomycin increases the pH in lysosomes to nearly neutral pH. After 1 hour the substrate 5-dodecanoylaminofluorescein-di-b-galactopyranoside (C12-FDG, Fisher Scientific) was added at a final concentration of 50 µM. After 2 hours incubation at 37°C senescent cells have converted the non-fluorescent C12-FDG to a fluorescent substrate. Finally, cells were washed in PBS and stained for viability with Zombie NIR (Bioloegend) and T cell markers as described in flow cytometry.



Statistical Analysis

Normal distributed data were evaluated by standard two-tailed Student’s t-tests. Kruskal-Wallis tests or one-way ANOVA were used for data not showing a normal distribution. Statistics were evaluated with GraphPad Prism 9.2.0. GraphPad Prism was used to calculate mean and standard deviation (SD).




Results


Human PC Cancer Cells Show Characteristics of Senescence, SASP and Stemness

Senescence is a highly heterogeneous state that lacks specific markers (37). We thus first analyzed proliferation and senescence-associated markers in FFPE sections from 50 patients with PC by immunohistochemistry. Senescence is characterized by stable cell-cycle arrest, regulated by the cyclin-dependent kinase (CDK) inhibitors p16INK4a (CDKN2A) and p21CIP1 (CDKN1A). High p16INK4a and/or p21CIP1 levels, together with a low proliferation index, constitute indicators of senescence. Human PC patient specimens showed a low rate of proliferation marker Ki67 (20% ± 16%, Figure 1A and Supplementary Figure 1A). Senescence is maintained by epigenetic alterations, notably by trimethylation of histone 3 lysine 9 (H3K9me3). The transcriptionally repressive senescence-associated mark H3K9me3 was detectable in 52% (± 29%) of the tumor cells in PC sections. 63% ( ± 21%) of cancer cells expressed the CDK2/4 inhibitor p16INK4a. 26% ( ± 16%) of all tumor cells in PC samples expressed the cell cycle regulator p21CIP1 (Figure 1A and Supplementary Figure 1A). These results indicate that PC is characterized by tumor cells that are predominantly senescent, and that senescence is mainly associated with p16INK4a.




Figure 1 | Human PC cancer cells are senescent, have a SASP and show signs of a stem cell-like phenotype. (A) Representative images of IHC staining for the senescence-associated markers H3K9me3, p16INK4a and p21CIP1 and the proliferation marker Ki67 and quantification of the different markers from one patient. Scale bar: 50 µm, error bars represent the mean ± SD. (B) Representative images of IHC staining for the stem cell markers CD44 and CD133 and RNA in situ hybridization for Lgr5 from the same patient as in (A) Inset represents 125x magnification. Scale bars: 50 µm, error bars represent the mean ± SD. (C) Representative images of SA-β-gal in a liver metastasis (left) and PC (right), n = 3 per group. (D) Gene set enrichment analysis profiles of senescence and autophagy genes, SASP genes and senescence-associated genes from primary tumors (n = 23) and PC samples (n = 26) from the TCGA PanCancer collection. Heat map of SASP genes from the same patient collective as in the gene set enrichment analysis.



Senescent cells can acquire stem cell-like features and resume proliferation. These “previously” senescent cells show pronounced tumor-initiating potential (13). As PC is the most lethal form of CRC, we hypothesized that PC displays stem cell-like characteristics. To test this hypothesis, we stained PC tumor specimen against three different stem cell markers. First, performed staining against the stem cell marker CD44,.a transmembrane glycoprotein that is overexpressed in several cancers (38). In PC sections, 46% (± 15%) of cancer cells were CD44-positive (Figure 1B and Supplementary Figure 1B), indicating that nearly half of all PC tumor cells expressed this stem cell marker. Next, we analyzed CD133, which is also a transmembrane glycoprotein that is overexpressed in several cancers (39). In human PC sections, 5% (± 9%) of tumor cells were CD133-positive (Figure 1B and Supplementary Figure 1B). As third stem cell marker, we used the leucine-rich repeat-containing G-protein coupled receptor 5 (Lgr5). Lgr5 is a target of Wnt and a well-established marker of stem cells in various tissues (40). We detected Lgr5-positive tumor cells in 9% (± 19%) of all PC cancer cells (Figure 1B and Supplementary Figure 1B). To analyze the correlation between senescence-associated markers and stem cell markers, we applied Spearman correlation analysis. H3K9me3 showed a strong correlation with Lgr5 (r = 0.60, p = 0.000007), moderate correlation (r = 0.39, p = 0.007) with CD133, and poor correlation (r = 0.29, p = 0.046) with CD44. P16INK4a showed moderate correlation with Lgr5 (r = 0.38, p = 0.009) and CD44 (r = 0.3, p = 0.037) and no correlation (r = -0.15, p = 0.311) with CD133. p21CIP1 showed moderate correlation (r = 0.33, p = 0.021) with CD44 (Supplementary Figure 2). From the correlation data, we conclude that senescent cancer cells in the peritoneum show features of stemness. To confirm that PC cancer cells, but not liver metastases are senescent, even though originating from the same primary tumor, we measured the activity of the senescence-associated β-galactosidase (SA-β-gal) at pH 6.5. Liver metastases showed no or only faint SA-β−gal activity compared to PC cancer cells, indicating that upregulated expression of senescence-associated markers e.g., p16INK4a is due to senescence induction in the peritoneal cavity (Figure 1C). The composition of SASP greatly varies dependent on the cell type and on the inducer of the senescence (41, 42). To investigate SASP in PC and to compare the expression of SASP genes with CRC samples, we performed bioinformatic analysis with publicly available RNA-seq data of 23 primary CRC and 26 PC patients using the TCGA PanCancer collection. Gene Set Enrichment Analysis (GSEA) showed that senescence-associated genes and SASP genes are upregulated in PC data sets compared with primary tumor samples, and that PC samples have a distinct SASP (Figure 1D). Several SASP genes were preferentially upregulated only in human PC samples, e.g. VEGF, IFN-γ receptor or CXCL12 compared with primary tumors (Figure 1D), showing that senescent PC with stem cell-like features express a unique SASP.



Peritoneal Metastases Show the Same Senescent Phenotype Both for Human und Murine Tumor Tissue

Due to genetic alterations, APTAK organoids are cancer cells with a high metastatic potential To obtain a mouse model of PC, we transplanted APTAK organoids under the serosa of the cecum of C57Bl/6J mice (25) (Figure 2A). Transplantation of 125,000 APTAK cells leads to liver and peritoneal metastasis after about 42 days. This long latency in vivo gives the opportunity to study metastases of liver and peritoneal cavity in depth. Figure 2A shows the protocol of orthotopic transplantation. After about 42 days, we sacrificed the animals and isolated primary tumors, liver metastases and peritoneal metastases. 98% of animals had primary tumors (n=27), 54% liver metastases (n=15) and 57% peritoneal metastases (n=16), or both (Figure 2B).




Figure 2 | The orthotopic transplantation of APTAK organoids leads to both liver metastases and PC but only cancer cells in the peritoneal cavity show induction of senescence. (A) Schematic protocol of the orthotopic transplantation of APTAK organoids under the serosa of the cecum. (B) Quantification of primary tumors (98%, n = 27), liver metastases (54%, n = 15) and PC (57%, n = 16) about 42 days after orthotopic transplantation of APTAK organoids. (C) Representative images of IHC staining for the proliferation markers Cyclin D1 and Ki67, the DDR marker γ-H2AX, the senescence marker H3K9me3 and the stem cell marker Nanog in primary tumors (PT), liver metastases (LM) and PC. Scale bar: 50 µm (D) Gene set enrichment analysis (GSEA) of senescence and autophagy markers in PC versus primary tumor samples (n = 3 per group). (E) Representative images of tumor organoids cultured as 3D culture at d5 derived from tumors (primary tumor (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC)) of the same mouse in the orthothopic organoid transplantation model. Magnification 20X.



To confirm that the mouse model resembles human peritoneal carcinomatosis, we analyzed the induction of senescence. We first performed immunohistochemistry for the proliferation markers Cyclin D1 and Ki67 in FFPE sections from primary tumors, liver metastases and PC. Cancer cells in primary tumors and liver metastases were highly proliferative as shown by positive staining with Ki67 and Cyclin D1 antibodies in contrast to PC sections (Figure 2C and Supplementary Figures 3A, B). Senescent cells show nuclear alterations as a result from activation of DNA damage response (DDR) pathways, leading to phosphorylation of histone H2AX. Sections from PC showed γ-H2AX-positive staining, however liver metastases and primary tumor sections were also positive for this marker, although to a lesser extent (Figure 2C and Supplementary Figure 4). To confirm that the peritoneal cavity is a metastatic niche where senescence is induced, we went on to stain against the senescence-associated marker H3K9me3. This analysis revealed that the repressive epigenetic mark H3K9me3 was exclusively expressed in PC sections, whereas primary tumors and liver metastases showed no staining (Figure 2C and Supplementary Figure 5). As human PC sections showed marked upregulation of stem cell markers, we analyzed the expression of another stem cell marker Nanog. PC sections showed upregulated Nanog expression, while primary tumors and liver metastases showed no expression (Figure 2C and Supplementary Figure 6). To confirm the immunochemistry results, we performed GSEA analysis. Consistent with findings in human PC genes, senescence and autophagy genes were markedly upregulated in PC samples from our mouse model (Figure 2D). Since we could not exclude that in TME but not cancer cells were senescent in PC, we isolated cancer cells from primary tumors, liver metastases and peritoneal metastases and cultured them as 3D tumor organoids. In culture, organoids derived from PC showed reduced proliferation compared with organoids from liver metastases or primary tumors (Figure 2E), indicating that the metastatic niche transforms tumor cells. After one passage, we performed immunofluorescence staining (Figure 3A). PC tumor cells showed significantly lower proliferation (as seen by the EdU staining) compared with primary tumors (p<0.0001) and liver metastases (p<0.0001). We also observed significantly higher expression of the senescence-associated marker H3K9me3 compared with primary tumors (p = 0.0002) and liver metastases (p<0.0001). p16INK4a (CDKN2a) was significantly more expressed in PC organoids than in primary tumors (p<0.0001) and liver metastases (p<0.0001). Only the heterochromatin protein 1 gamma (HP1γ) was not significantly upregulated in PC compared with primary tumors (p = 0.1435) (Figure 3B). In most cases, senescence is induced by p16INK4a or by the transcription factor p53 and its downstream target p21. However, p21 can induce senescence independently of p53, although to a much lesser extent. As APTAK tumor cells harbor a mutation in the p53 protein, we expected very little to no expression of p21 in the nuclei of senescent cells. To avoid having three different stainings (DAPI in blue, EdU in red and p21 in green) in one nucleus, we swapped EdU staining with the cell membrane-bound E-Cadherin. The senescence marker p21CIP1 was significantly higher in liver metastases compared with primary tumors (p = 0.0101) and PC (p = 0.0206) but not significantly upregulated in PC compared with primary tumors (p = 0.9999). (Figures 3A, B). By evaluating enzyme activity in cryosections of PC tumors, liver metastases and primary tumors, we were able to demonstrate that primary tumors and liver metastases showed only faint X-Gal staining compared with PC (Figure 3C). Our results show that in the case of senescence, orthotopic transplantation of APTAK organoids resembles the clinical situation in human PC. In conclusion, the peritoneal cavity represents a metastatic niche that induces senescence, whereas the same tumor cells show no signs of senescence induction within the metastatic environment of the liver.




Figure 3 | Only cancer cells from metastases in the peritoneal cavity of the APTAK mouse model show a senescent phenotype. (A) Representative immunofluorescence (IF) images of the senescence-associated markers H3K9me3, p21CIP1, HP1γ and p16INK4a (all green) from organoids derived from primary tumors (PT), liver metastases (LM) and PC from the orthotopic organoid transplantation CRC mouse model. The proliferation marker EdU was stained in red and nuclei were stained in blue. p21 was combined with the cell membrane-bound E-Cadherin (red) and not with EdU. Scale bars represent 50 µm. (B) Quantification of IF markers per group derived from primary tumors (n = 5 mice), liver metastases (n = 3 mice) and PC (n = 3 mice) from the orthotopic organoid transplantation CRC mouse model. 3-5 HPF per mouse and marker with at least 1000 APTAK cancer cells were analyzed. Error bars represent the mean ± SD. Kruskal-Wallis test (B) ****p < 0.0001, ***p < 0.0002, *p<0.05, n.s. = not significant. (C) Representative images of SA-β-gal from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from a mouse of the orthotopic organoid mouse CRC model. n = 5 mice per group. Scale bars represent 1000 µm.





Peritoneal Metastases After Orthotopic Transplantation Show Stem Cell and SASP-Like Phenotypes

Regarding the analyzed patient samples, more than half of tumor cells acquired stem cell-like features with markers such as CD44, CD133, and Lgr5 (Figure 1B). To validate that our CRC metastasis model also resembles the clinical situation in terms of stem cell-like characteristics, we stained primary tumor cells, liver metastases and PC with antibodies against the stem cell markers CD44, CD133, and c-Myc (Figure 4A). As expected, PC tumor cells showed enhanced expression of CD44 (p = 0.0007) and CD133 (p = 0.0224) together with significantly reduced proliferation rate (p<0.0001) as compared to primary tumor cells, whereas the upregulation ofc-Myc was not significant (p = 0.2826) (Figure 4B). Thus, our mouse model truly recapitulates the situation of CRC patients with disseminated disease. SASP varies between cell types and according to the inducer of senescence (42).. To analyze the SASP phenotype in murine PC, we performed qPCRs for several genes that are typically expressed in senescent epithelial cells. Some of these genes such as Vascular Endothelial Growth Factor (VEGF), Vascular Endothelial Growth Factor Receptor 1 (VEGFR1), Spondin 1 (Spon1), Transforming Growth Factor beta (TGFβ) or Metalloproteinase 9 (MMP9) were exclusively upregulated in cancer cells from the peritoneal cavity (Figure 4C). These results show that although cancer cells acquire a stem cell-like phenotype in PC, they still express SASP.




Figure 4 | Cancer cells from metastases in the peritoneal cavity of the APTAK mouse model show enhanced stem cell-like phenotype and a SASP. (A) Representative immunofluorescence (IF) images of the stem cell markers CD44, CD133 (green) and c-Myc (red) of tumor organoids derived from primary tumors (PT), liver metastases (LM) and PC from the orthotopic organoid transplantation CRC mouse model. The proliferation marker EdU stained in red and nuclei in blue. Scale bars represent 50 µm. (B) Quantification of IF markers from (A). 5 HPF with at least 1000 cells from primary tumors (n = 5), liver metastases (n = 3) and PC (n = 3) were counted. Error bars represent the mean ± SD. Kruskal-Wallis test (B) ****p < 0.0001, ***p < 0.0002, *p < 0.05, n.s. = not significant. (C) Heatmap of characteristic SASP genes from tumor organoids derived from primary tumors (PT), liver metastases (LM) and PC (n = 3 mice per group) from the orthotopic organoid transplantation CRC mouse model. Tumors were isolated, dissociated and cultured for one passage as 3D organoids. Then mRNA was isolated and qPCR was performed.





Peritoneal Carcinomatosis Harbors a Tumor Microenvironment With Senescence-like T Cells

Previously, we could show that T-cell infiltration of human peritoneal metastases is significantly lower than in corresponding primary colorectal cancer samples (10). To verify whether our PC mouse model clinically mimics tumor-infiltrating lymphocytes (TILs), we analyzed PC-, liver metastasis- and primary tumor-derived TILs by FACS. Primary tumor, liver metastasis and PC samples showed similar infiltration of CD45-positive leukocytes and CD3-positive T-cells. There were minor differences in the amount of CD4-positive T-helper cells, but a significant reduction in the amount of CD8-positive T cells in PC compared with primary tumors (p = 0.0287) (Figure 5A). In a previous study, immunohistochemistry of surgical PC specimens from patients showed significant upregulation of interferon-gamma (IFN-γ)-positive CD4+ T-helper cells (Th1 cells) compared with primary tumors (10). FACS staining with IFN-γ and CD4 similarly revealed significant upregulation of Th1 TILs in our mouse PC samples compared with primary tumors (p = 0.0007) and liver metastases (p = 0.0003) (Figure 5B).




Figure 5 | Tumor-infiltrating T cells in PC express checkpoint inhibitor molecules, IFN-γ  and markers of senescence and thus are immunosenescent (A) Flow cytometric analysis of the tumor infiltrating lymphocytes of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model for CD4+ and CD8+ T cells. Dotplots show the percentage of CD4+ and CD8+ T cells gated on CD3+ T cells (n = 13 for PT, n = 8 for LM, n = 7 for PC). (B) The number of IFN-γ secreting T helper 1 (Th1) cells evaluated by FACS in the tumor microenvironment of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of IFN-γ secreting CD4+ T cells gated on live CD45+ CD3+ T cells (n = 13 for PT, n = 8 for LM, n = 7 for PC). (C) Flow cytometric analysis of CD4+ (left panel) and CD8+ (right panel) T cells for checkpoint molecules VISTA, Tim3, CTLA4 and Lag3 in tumor infiltrating lymphocytes of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of the CD4+ and CD8+ T cells expressing the respective immune checkpoint molecule (n = 8 for PT, n = 3 for LM, n = 4 for PC). (D) Flow cytometric analysis of the expression of PD1 on tumor-infiltrating CD8+ T cells from primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. (E) Flow cytometric analysis from tumor-infiltrating CD8+ and CD4+ T cells for IFN-γ  secretion of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of IFN-γ positive CD4+ and CD8+ T cells (n =  12 for PT, n = 4 for LM, n = 7 for PC). (F) Flow cytometric analysis of SA-β-gal positive tumor-infiltrating CD8+ and CD4+ T cells in the tumor microenvironment of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of SA-β-gal CD4+ and CD8+ T cells (n = 5 for PT, n = 4 for LM, n = 5 for PC). Error bars represent the mean ± SD. One-way ANOVA (A–C, E, F) ***p < 0.0002, *p<0.05, n.s. = not significant. In all analysis Zombie NIR staining was used to discriminate dead from live cells and only live Zombie-negative cells were quantified.



SASP factors can induce senescence in neighboring cells, referred as paracrine senescence. This “bystander” senescence is in part mediated by TGFβ and VEGF (43). Since we obtained marked upregulation of TGFβ and VEGF only in PC cells and not primary tumor or liver metastasis cells (Figure 4C), we wondered whether senescent PC cells could induce senescence in TILs. Senescent and exhausted T-cells share several overlapping characteristics. Both express checkpoint inhibitor molecules, including programmed cell death protein 1 (PD-1), cytotoxic T-lymphocyte-associated protein 4 (CTLA-4), T-cell immunoglobulin and mucin-domain containing-3 (Tim3) and V-domain Ig suppressor of T-cell activation (VISTA) (44). In our mouse model, CD4-positive T-cells as well as CD8-positive T-cells expressed high levels of VISTA, Tim3, Lag3 and PD-1, independent of the compartment (Figures 5C, D). However, unlike exhausted T-cells that downregulate metabolic function, senescent T-cells still produce high amounts of inflammatory cytokines such as Interleukin 2 (IL-2), Interleukin 6 (IL-6), Tumor Necrosis Factor (TNF) and IFN-γ. CD4+ and CD8+ PC T-cells expressed significantly higher levels of IFN-γ compared with primary tumor T-cells (p = 0.039 and p = 0.0235) (Figure 5E). Together with increases in inflammatory cytokines, the upregulation of checkpoint inhibitor molecules indicates that not only tumor cells but also infiltrating T-cells become senescent in PC. We next performed SA-β-gal analysis to verify that T-cells are not merely exhausted but actually senescent. We saw no significant upregulation of SA-β-gal activity in either CD4+ T cells (p = 0.999) or CD8+ T cells (p = 0.0746) (Figure 5F). In humans, T-cells downregulate or lose the co-stimulatory molecules CD27 and CD28 independently of the type of senescence (45). In contrast, senescent murine T-cells often maintain expression of CD28 and CD27 (44) and express the tumor necrosis factor ligand superfamily member 8 molecule (CD153). In our CRC metastasis mouse model, significantly increased numbers of tumor-infiltrating CD4-positive T-cells isolated from PC metastasis were CD153-positive as compared to those from originating from liver metastasis (p = 0.031) or primary tumors (p = 0.0454)(Figure 6A). In CD8+ T-cells from PC samples, there was also a significant upregulation of CD153+ compared with primary tumors (p = 0.03) and liver metastasis (p = 0.038) (Figure 6B). We also found significantly reduced CD28 expression in CD4+ T-cells from PC as compared with primary tumors (p = 0.0325) and liver metastasis (p = 0.0219). PC-derived CD8+ T-cells showed significant downregulation of CD28 compared with primary tumors (p = 0,0607) and liver metastasis (p = 0.0255) (Figure 6B). Finally, we isolated infiltrating leukocytes from human primary CRC (n = 5), liver metastasis (n = 5) and PC (n = 5) samples and measured SA-β-gal activity by FACS analysis. Only PC-derived tumor-infiltrating cells showed features of senescence whereas primary tumor and liver metastasis showed no SA-β-gal activity (Figure 6C).




Figure 6 | Tumor-infiltrating lymphocytes in PC show signs of immunosenescence in mice and men (A) Flow cytometric analysis of immunosenescence associated markers on tumor-infiltrating CD4+ T cells of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of CD4+ T cells expressing CD153 (n = 10 for PT, n = 7 for LM, n = 8 for PC), CD28 (n = 3 for PT, n = 3 for LM, n = 3 for PC), p16 and p21 (n = 10 for PT, n = 7 for LM, n = 8 for PC). (B) Flow cytometric analysis of immunosenescence associated markers on tumor-infiltrating CD8+ T cells of primary tumors (PT), liver metastases (LM) and PC of the orthotopic organoid transplantation CRC mouse model. Dotplots show the percentage of CD8+ T cells expressing CD153 (n = 10 for PT, n = 7 for LM, n = 8 for PC), CD28 (n= 3 for PT, n=3 for LM, n=3 for PC), p16 and p21 (n= 10 for PT, n = 7 for LM, n = 8 for PC). (C) Flow cytometric analysis of SA-β-gal in tumor-infiltrating lymphocytes from human patients with primary CRC (PT), liver metastasis and PC. The histogram shows the results of 5 patients each. Error bars represent the mean ± SD. One-way ANOVA (A, B)  *p < 0.05, n.s. = not significant.



Altogether, these results indicate that senescent PC cells induce senescence in tumor-infiltrating leukocytes in both patients and PC mouse model.




Discussion

Cellular senescence was first described in fibroblasts, where sustained cell duplication shortens telomere length and induces permanent cell cycle arrest, known as replicative senescence. Cells that are no longer able to divide cannot become highly proliferative cancer cells, showing the potential of senescent cells as a barrier against malignant transformation. Therefore senescence, a state of permanent cell cycle arrest, has been considered an intrinsic mechanism of cancer suppression (8, 46–49). Mice that lack the pro-apoptotic protein Bak have no phenotype and do not develop tumors as compared with wildtype animals (50). In contrast, inactivation of the tumor suppressor gene Cdkn2a (encoding p16Ink4a) in mice leads to early formation of tumors that is not observed in wildtype littermates (51), respectively. These studies could show that senescence induction is, at least in these mouse models, a more important form of tumor control than apoptosis. Here, we show that in human patients, the peritoneal niche induces senescence in disseminated CRC cells, which instead of arresting further tumor progression leads to contradictory tumor growth. Irreversible growth arrest was long considered a hallmark of senescence that distinguishes senescence from quiescence, a transient form of growth arrest (52). However, some studies demonstrated that in therapy-induced senescence, senescent cells can escape from cell cycle arrest and give rise to even more aggressive cancer. Achutan et al. showed that treatment of multiple breast cancer cell lines with doxorubicin leads to escape from senescence by a small population of cancer cells. These senescence escapers exhibit stem cell characteristics and express increased levels of the stem cell marker CD133 (53). CD133 upregulates the WNT signaling pathway via PI3K/AKT pathway, increasing stem cell properties (39). A recent study by the group of Clemens Schmitt showed that the chemotherapeutic Adriamycin (Doxorubicin) induced senescence in mouse lymphoma cells and that these senescent lymphoma cells expressed stem cell markers such as CD133 or CD44. CD44 binds hyaluronate, the main component of the extracellular matrix, linking CD44 expression to cellular adhesion and communication. Cells that escaped senescence and acquired stem cell phenotypes were more aggressive in vitro and after implantation in vivo (13). Adriamycin-treated colorectal cancer cell lines become senescent and upregulate expression of CD133 and CD44. We could show that in our patient cohort, a substantial amount (46% ± 15%) of PC cancer cells expressed the stem cell marker CD44 and 5% (± 9%) the stem cell marker CD133. Achutan et al. found a such pronounced stem cell phenotype only after in vitro treatment with doxorubicin.

To study PC cancer cells in more detail and to compare PC with liver metastasis and primary tumor samples we aimed to introduce a mouse model that clinically mimics human PC. To date, in vivo animal studies of CRC rapidly show high tumor burden and mice have had to be sacrificed before metastasis occurred (21–23). To overcome this problem, we adopted an orthotopic transplantation model (25) and adapted this model with APTAK tumor organoids for metastasis in the peritoneal cavity. APTAK organoids recapitulate the transcriptome-based consensus molecular subtype (CMS) 4 of the CMS classification of colorectal cancer (54). We found marked upregulation of senescent cancer cells in both mouse and human PC samples. One hallmark of senescence, independent of the inducer of senescence, is that senescent cells secrete multiple factors including pro-inflammatory cytokines, chemokines, growth factors and proteases (55). Some of these factors are known to induce “bystander” senescence in neighboring cells (56). In mouse PC samples, we found the same upregulation of senescence-associated markers accompanied by downregulation of proliferation as in human samples. Furthermore, we detected the same upregulation of senescent cancer cells with a stem cell phenotype in human and in mouse PC samples. Previously, we could show that infiltration of CD4+ T-cells in human PC specimens is significantly reduced compared with primary tumor samples (10). The group Ohira group also showed that infiltration of CD8+ T cells in peritoneal metastasis is also reduced compared with liver and lung metastasis (57). In our mouse model, the degree of CD8+ T-cell infiltration was significantly reduced compared with primary tumor and liver metastasis samples, showing that our new mouse model truly recapitulates the clinical setting of human peritoneal carcinomatosis.

In our study, we observed that although about 25% of PC cancer cells from our PC mouse model had a stem cell phenotype. These cells still uniquely expressed SASP factors. Via qPCR we measured the expression of SASP factors that can induce bystander senescence in neighboring cells, e.g. VEGF and TGFβ (20). Induction of paracrine senescence by SASP factors is not limited to cancer cells. Many solid tumors progress rapidly, although large numbers of T-cells can still infiltrate. One reason for this discrepancy is T-cell senescence, and another might be T-cell exhaustion (58). In both states, checkpoint inhibitor molecules such as PD-1 or Tim3 are upregulated but unlike senescent T cells, exhausted T cells do not produce pro-inflammatory cytokines such as TNF or IFN-γ (58). In the mouse model, PC TILs showed expression of checkpoint inhibitor molecules and production of TNF and IFN-γ, indicating that T-cells are dysfunctional and show signs of senescence. A hallmark of senescent T-Cells in human samples is the dramatic reduction of the co-stimulatory molecules CD27 and CD28 (45). However, in mice this reduction is not always observed. Instead, upregulation of CD153 is a marker of T cell senescence in mice (44). Unexpectedly, in the peritoneal metastasis TME, we observed both. I.e, (i) a significant downregulation of CD28 and (ii) upregulation of CD153 compared with liver metastases and primary tumors. As our mouse model indicated that senescent cancer cells in the peritoneal cavity spread senescence not only to other non-senescent cancer cells via SASP, but induced a senescence-like phenotype in tumor-infiltrating lymphocytes, we analyzed tumor-infiltrating leukocytes in human samples. Only leukocytes isolated from human PC samples showed upregulation of SA-β-gal activity, indicating that in human PC, senescent cancer cells induce senescence in TILs. Senescent tumor cells that induce senescence in immune TME cells via secretion of SASP factors seem represent a more widespread phenomenon in aggressive tumors that are resistant to immune checkpoint blockade. In the most aggressive brain cancer, the Glioblastoma multiforme (GBM), patients displayed not only senescent tumor cells but also senescent immune cells in the tumor microenvironment and systemically in peripheral blood (27–29). In this context, a recent study by Puca et al. could show that treatment of senescent glioblastoma U87-MG cells and senescent T-cells derived from peripheral blood of GBM patients with the senolytic drug longevity-associated variant (LAV) of the bactericidal/permeability-increasing fold-containing family B member 4 (LAV-BPIFB4) reduced the senescent phenotype in both U87-MG cells and patient-derived PBMCs (29). In our PC model, treatment of mice with a senolytic drug may represent a successful approach to reduce senescence in PC cells and in immune TME cells and prevent the development of cancer cells with stem cell characteristics. Depleting senescent cancer stem cells could thus restore the beneficial effects of chemotherapeutics. Reducing senescence in immune cells could at least decrease resistance to immunotherapies with checkpoint inhibitors. One important limitation to successfully translate therapies such immunotherapies or senotherapeutics to the clinic is the lack of animal models that fully recapitulate the human situation. We think that our PC mouse model clinically mimics human PC. This gives us the opportunity to study the effects and results of e.g., the novel one-two punch cancer therapy approach. In this novel cancer therapy, the first punch, e.g. chemotherapy, kills cancer cells. Nevertheless, this treatment induces senescence in cancer cells. The first punch is then followed by the removal of senescent cells by senotherapeutics, the second punch. This new therapeutic approach is still experimental and there are many open questions to be answered (59).

The inducer of cancer cell senescence in the peritoneal cavity is unknown. Given that liver metastasis and PC APTAK organoids express the same oncogene, KrasG12D, but that liver cancer cells display no senescence hallmarks, we can probably rule out oncogene-induced senescence (OIS) in the orthotopic mouse model. Unlike in PC patients, in the PC model, animals were not treated with chemotherapeutics, indicating that neither therapy-induced senescence (TIS) nor OIS are the sole inducer. Given that in PC, the level of IFN-γ is upregulated and the peritoneal cavity harbors peritoneal macrophages that secrete high levels of TNF, we suspect cytokine-induced senescence as the inducer (8, 9, 60).

About one third of all CRC patients acquire peritoneal metastasis after the initial diagnosis (61). The prognosis for CRC patients with PC is poor, and most patients do not benefit from systemic chemotherapy (3). To date, the only successful treatment option is cytoreductive surgery, as a clinical phase III study showed that combination with hyperthermic intraperitoneal chemotherapy was not superior to surgery alone (6). Several cytotoxic drugs show increased activity with higher temperature and thus better penetrate in mild hyperthermia (4). This was the rationale for HIPEC therapy. Most chemotherapeutics rely on proliferating cells, as most chemotherapeutic drugs target cells at different phases of the cell cycle. In our study, we could show that most human PC cancer cells became senescent with strongly reduced proliferation rates. This could account for resistance of PC against chemotherapy. In addition, although senescent cells usually do not divide anymore, they are still viable and resistant to apoptosis. Local treatment of senescent PC cells with HIPEC might force even more cells into a stem cell-like phenotype, rendering PC metastasis even more aggressive and resistant to any other anti-cancer treatment except surgery.

Altogether, in our study, we could show that the peritoneal cavity is a unique metastatic niche that induces senescence in cancer cells in both patients and mice. Up to 40% of these senescent cancer cells acquired a stem cell-like phenotype. This can have serious therapeutic consequences, as cancer stem cells are resistant to most forms of chemotherapy (13). In addition, senescent cells secrete a multitude of SASP factors that can induce senescence in neighboring TME cells. In our mouse model, we could show that infiltrating T-cells upregulate checkpoint inhibitor molecules as well as senescence-associated molecules, indicating that T-cells were not exhausted but senescent. In human PC samples, we could show that tumor-infiltrating immune cells show signs of senescence as measured by upregulated SA-β-gal activity, whereas immune cells isolated from the primary tumors and liver metastases show no senescence induction. This might represent another important therapeutic problem, as senescent immune cells are unaffected by checkpoint inhibitor therapy.
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Supplementary Figure 1 | (A) Representative images of immunohistochemical (IHC) staining for the senescence-associated markers H3K9me3, p16INK4a and p21CIP and the proliferation marker Ki67 from 5 different PC patients. Scale bar: 50 µm (B) Representative images of immunohistochemical (IHC) staining for the stem cell markers CD44, CD133 and Lgr5 from 5 different PC patients. Scale bar: 50 µm,  20 µm (Lgr5).

Supplementary Figure 2 | Pearson coefficients correlation for the senescence-associated markers H3K9me3, p16INK4a, p21CIP1 and the stem cell marker Lgr5, CD133 and CD44 from 50 different PC patients.

Supplementary Figure 3 | (A) Representative images of immunohistochemical (IHC) staining for the proliferation marker Ki67 from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from 4 different mice of the orthotopic organoid mouse CRC model. Scale bar: 50 µm. (B) Representative images of immunohistochemical (IHC) staining for the proliferation marker Cyclin D1 from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from 4 different mice of the orthotopic organoid mouse CRC model. Scale bar: 50 µm.

Supplementary Figure 4 | Representative images of immunohistochemical (IHC) staining for senescence-associated marker γH2ax from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from 4 different mice of the orthotopic organoid mouse CRC model. Scale bar: 50 µm.

Supplementary Figure 5 | Representative images of immunohistochemical (IHC) staining for senescence-associated marker H3K9me3 from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from 4 different mice of the orthotopic organoid mouse CRC model. Scale bar: 50 µm.

Supplementary Figure 6 | Representative images of immunohistochemical (IHC) staining for stem cell marker Nanog from primary tumors (PT), liver metastasis (LM) and peritoneal carcinomatosis (PC) from 3 different mice of the orthotopic organoid mouse CRC model. Scale bar: 50 µm.
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Bladder cancer (BCa) is the 10th most commonly diagnosed cancer worldwide, and cellular senescence is defined as a state of permanent cell cycle arrest and considered to play important roles in the development and progression of tumor. However, the comprehensive effect of senescence in BCa has not ever been systematically evaluated. Using the genome-wide CRISPR screening data acquired from DepMap (Cancer Dependency Map), senescence genes from the CellAge database, and gene expression data from The Cancer Genome Atlas (TCGA), we screened out 12 senescence genes which might play critical roles in BCa. A four-cell-senescence-regulator-gene prognostic index was constructed using the least absolute shrinkage and selection operator (LASSO) and multivariate COX regression model. The transcriptomic data and clinical information of BCa patients were downloaded from TCGA and Gene Expression Omnibus (GEO). We randomly divided the patients in TCGA cohort into training and testing cohorts and calculated the risk score according to the expression of the four senescence genes. The validity of this risk score was validated in the testing cohort (TCGA) and validation cohort (GSE13507). The Kaplan–Meier curves revealed a significant difference in the survival outcome between the high- and low-risk score groups. A nomogram including the risk score and other clinical factors (age, gender, stage, and grade) was established with better predictive capacity of OS in 1, 3, and 5 years. Besides, we found that patients in the high-risk group had higher tumor mutation burden (TMB); lower immune, stroma, and ESTIMATE scores; higher tumor purity; aberrant immune functions; and lower expression of immune checkpoints. We also performed gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA) to investigate the interaction between risk score and hallmark pathways and found that a high risk score was connected with activation of senescence-related pathways. Furthermore, we found that a high risk score was related to better response to immunotherapy and chemotherapy. In conclusion, we identified a four-cell-senescence-regulator-gene prognostic index in BCa and investigated its relationship with TMB, the immune landscape of tumor microenvironment (TME), and response to immunotherapy and chemotherapy, and we also established a nomogram to predict the prognosis of patients with BCa.
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Introduction

Bladder cancer (BCa) is the 7th most commonly diagnosed cancer in men and has the 10th highest incidence in the whole population around the world, with approximately 550,000 new cases annually worldwide (1) and 85,694 in China in 2020 (2). It has the 13th highest yearly mortality among all cancers and caused more than 165,000 in 2012, and the number is still rising despite tremendous treatment efforts (3). Tobacco smoking and occupational exposure to carcinogens are the major risk factors for BCa, while genetic factors seem to have little impact (3, 4). Urothelial carcinoma accounts for more than 90% of all cases, and BCa could be divided into non-muscle-invasive bladder cancer (NMIBC) and muscle-invasive bladder cancer (MIBC) according to whether the tumor tissue invades the muscle layer of the bladder. Approximately 75% of BCa is confined to the mucosa (stage Ta, CIS) or submucosa (stage T1) and defined as NMIBC; the remaining 25% is attributed to MIBC (4, 5). The primary treatment for NMIBC is transurethral resection of the bladder (TURB) accompanied by intravesical chemotherapy or intravesical bacillus Calmette-Guérin (BCG) immunotherapy after TURB to prevent recurrence and progression (4). As for MIBC, radical cystectomy (RC) and pelvic lymph node dissection (PLND) are the main treatments, and cisplatin-based chemotherapy has become the standard procedure for disease management (6). The traditional methotrexate, vinblastine, doxorubicin, and cisplatin (MVAC) chemotherapy plan has gradually been substituted by gemcitabine plus cisplatin (GC) for its similar efficacy and improved tolerability. Immunotherapy using immune checkpoint inhibitors (ICBs) and pre- and postoperative radiotherapy are also possible alternatives for platinum-ineligible patients (5–7). Other new small-molecule drugs such as OICR-9429 have also been proved to be effective in the treatment of bladder cancer, which can enhance the antitumor effect of cisplatin or immunotherapy in BCa (8). Discovering new therapeutic strategies, choosing appropriate candidates for immunotherapy using ICDs, and predicting the therapeutic efficacy for immunotherapy and chemotherapy are the major concerns in bladder cancer treatment.

Discovered by Hayflick and Moorhead in 1961 (9), cellular senescence is defined as a state of permanent cell cycle arrest induced by various in vitro or in vivo stimuli and characterized by aberrant cellular structure and morphology, as well as the activation of several hallmark signaling pathways such as DNA damage response (DDR), apoptosis resistance, cyclin-dependent kinase (CDK) inhibition, endoplasmic reticulum (ER) stress, and increased secretion of proinflammatory and tissue-remodeling factors (10, 11). According to the different stimuli, cellular senescence can be divided into several subtypes including replicative senescence, DNA damage-induced senescence, oncogene-induced senescence (OIS), and chemotherapy-induced senescence. Cellular senescence is a double-edged sword for human health. On the one hand, senescence can promote tissue remodeling and repair and function as a powerful safeguard to prevent abnormal proliferation and tumorigenesis. On the other hand, as an important part of aging, the aberrant and excessive accumulation of senescent cells is also connected with age-related disorders like degenerative diseases and cancer (11, 12).

Cellular senescence plays a dual role in the initiation, growth, and progression of tumor. The activation of oncogenes or loss of tumor suppressors will induce OIS and tumor-suppressor gene (TSG) loss–induced senescence, respectively, which can arrest the cell cycle and prevent tumorigenesis (13). Senescent tumor cells can also modulate the tumor microenvironment (TME) through the non-cell autonomous regulation of senescence called senescence-associated secretory phenotype (SASP). Through SASP, senescent cells can induce paracrine senescence and transform surrounding non-senescent cells into senescent cells by secreting pro-inflammatory cytokines, chemokines, growth factors, and proteases like IL-6, IL-8, and TGF-β, recruiting and activating immune cells in TME, which can result in both antitumor- and tumor-promoting effects. On the one hand, the innate and adaptive immune cells like M1 macrophages and natural killer (NK) cells can clear the tumor cells and promote their senescence by secreting IFN-γ and TNF-α, thus limiting tumor growth. On the other hand, senescent tumor cells can also attract and activate myeloid-derived suppressor cells (MDSCs) and M2 macrophages via SASP, thus affecting the clearance of senescent tumor cells and promoting tumor progression and vascularization, which is called maladaptive senescence (11, 13, 14). Since cellular senescence has a role in limiting tumor growth and development, it has been considered as a potential therapeutic target for tumor treatment. Multiple commonly used chemotherapy drugs such as bleomycin or doxorubicin can induce senescence to exert an antitumor effect. Moreover, several other pro-senescence therapy strategies such as telomerase inhibition, immunotherapy, and SASP reprogramming have also been put forward (13). Therefore, it is important for us to figure out the comprehensive role of senescence in tumorigenesis and TME shaping to benefit as much as possible from interventions without incurring toxicities.

In recent years, several studies have focused on the role of senescence in BCa. Xia et al. have found that berberine can induce BCa cell senescence via inhibiting Janus kinase 1 (JAK1)-STAT3 signaling and upregulating miR-17-5p (15). Chen et al. found a novel cellular senescence gene called SENEX, which could promote regulatory T cell (Treg) accumulation in aged urinary BCa (16). Moreover, Wang and colleagues also found that regulator of cullins-1 (ROC1) could promote NMIBC progression through anti-senescence and was linked with poor prognosis (17). However, the previous studies were limited, and all focused on few senescence genes. The role of senescence in BCa has never been systematically evaluated, and the relationship between senescence and the prognosis of BCa remains obscure.

Therefore, here, using the genome-wide CRISPR screening data acquired from DepMap (Cancer Dependency Map), senescence genes from the CellAge database, and gene expression data from The Cancer Genome Atlas (TCGA), we screened out 12 senescence genes which might play key roles in BCa. Then, we successfully constructed a four-cell-senescence-regulator-gene prognostic index using the least absolute shrinkage and selection operator (LASSO) and multivariate COX regression model and investigated its relationship with tumor mutation burden (TMB) and TME immune cell infiltration. Its correlations with the prognosis of BCa and the efficacy of immunotherapy and chemotherapy were also investigated. We also established a nomogram using the senescence risk score and other clinical characteristics to predict the prognosis of patients with BCa.



Methods


Obtaining BLCA Patient Bulk-Seq Data and Identifying Essential Cell Senescence Regulator Genes in BLCA

The RNA bulk-seq data and corresponding clinical information were retrieved and downloaded from the GDC_Data Portal (https://portal.gdc.cancer.gov/), and the external validation set GSE13507 was obtained from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/). More importantly, the genome-wide CRISPR screening results of bladder cancer cell lines were acquired from the DepMap Database (https://depmap.org/portal/download/), and the importance for each candidate gene was weighted by the algorithm of CERES score. Notably, the genes with CERES score <-1 across of 75% of BLCA cell lines were screened as candidate genes (18, 19). Following this, the differentially expressed genes (DEG) analysis of these candidate genes was carried out between paired tumor sample and normal sample in TCGA_BLCA cohort. FDR <0.05 and log2FC >0 were set as the filter threshold to identify the essential BLCA genes. Also, 279 cell senescence regulator genes were obtained from the CellAge database (https://genomics.senescence.info/cells/) (20). Finally, we took an intersection of the essential BLCA genes and cell senescence regulator genes and got a total of 12 essential cell senescence regulator genes (ECSRGs) in BLCA for further analysis.



Comprehensive Analysis of the Essential Cell Senescence Regulator Genes in BLCA

Having got 12 ECSRGs in BLCA, we firstly conducted a comprehensive analysis to investigate the role of these ECSRGs. Both the expression profile and copy number variation (CNV) profiles were used for further analysis. Then, the differentially expressed analysis and expression correlation analysis of these 12 ECSRGs between tumor tissues and normal tissues (or normal adjuvant tumor tissues) were carried out to check the expression patterns of these ECSRGs in TCGA_BLCA cohort and GSE13507 cohort. Also, the copy number variation of these ECSRGs was further investigated. Finally, the 12 ECSRGs were uploaded to the STRING database (https://string-db.org/cgi/input.pl) to explore the protein–protein interaction network, and Cytoscape (version 3.8.2) was used to visualize the PPI network of these 12 ECSRGs.



Elimination of the Batch Effects, Sample Random Grouping, Construction, and Verification of the Prognostic Cell Senescence Index

We merged the expression matrix of TCGA_BLCA cohort and GSE13507 cohort, and the batch effects were eliminated by the combat algorithm using the “sva” package in R program (21). Notably, only 11 ECSRGs were covered in both TCGA_BLCA cohort and GSE13507 cohort, and they were CDK1, PSMD14, CHEK1, PSMB5, MAD2L1, RUVBL2, GAPDH, PRPF19, TPR, RAD21, and SUPT5H. Then we randomly split the samples with a ratio of 1:1 in TCGA_BLCA cohort into train group and validation group. The least absolute shrinkage and selection operator (LASSO) method was conducted in the training group to screen the appropriate variables of the above 11 ECSRGs. Following this, the multivariate cox regression of the left variables was performed in the training group to establish a prognostic cell senescence index (PCSI). Meanwhile, each sample in TCGA_validation cohort and GSE13507 cohort acquired a PCSI according to the following formula:

	

Among them, coef(i) is the coefficient of the ith ECSRGs in PCSI, and expr(i) is the normalized expression values of the ith ECSRGs. The medium value of the PCSI in TCGA_training cohort was set as the threshold, the higher PCSI was defined as high risk, and the lower PCSI was low risk; each patient in both TCGA cohort and GSE13507 cohort obtained a risk stratification level according to their PCSI.

The log-rank test-based survival analysis and Kaplan–Meier method-based survival curves were used to investigate the survival differences between high-PCSI patients and low-PCSI patients in TCGA_training cohort, TCGA_test cohort, and GSE13507 validation cohort. Both receiver operating characteristic curve (ROC) and univariate-cox regression were carried out to further explore the prognostic capability of the PCSI. Following this, considering that these three cohorts were independent between each other, we performed heterogeneity test and meta-analysis of the hazard ratio (HR) in these three cohorts to objectively check the summary prognostic role of the PCSI. In addition, we would like to improve the prognostic accuracy of the PCSI. Thus, we combined the PCSI with other commonly used clinicopathological characteristics including age, gender, grade, and stage to assemble a nomogram; the 1-, 3-, and 5-year calibration curves and 5-year ROC curves were plotted to examine the efficacy of the nomogram.



Mutation Atlas, Immune Infiltrations, Immune Checkpoints, and Immune-Related Functions Between High- and Low-PCSI Patients

Having verified the efficacy of the PCSI and PCSI-based nomogram, we were interested in the potential mechanisms behind the differential PCSI groups. Considering that the expression matrix of TCGA was more complete, the further function analysis was all based on TCGA cohort. The mutation profiles of TCGA_BLCA cohort were retrieved and downloaded from GDC_Data_Portal (https://portal.gdc.cancer.gov/), then the TMB of each patient is calculated and the mutation profiles were sorted according to the PCSI levels. A differential mutation atlas between high-/low-PCSI groups was visualized as waterfall plots, and the χ2 test was carried out to check the significantly differentially mutated genes between high-/low-PCSI groups. Following this, we combined the PCSI with TMB to stratify the patients and check the prognostic effects of these two indicators.

Considering that there existed a total of seven algorithms to quantify the immune infiltration according to the expression matrix, we downloaded the immune infiltration calculated by TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ, MCPCOUNTER, XCELL, and EPIC methods from the TIMER 2.0 database (http://timer.cistrome.org/) (22). Then both correlation tests and differential immune infiltration analysis were performed to investigate the immune infiltration between differential PCSI groups. Besides, the immune-related scores and immune-related functions were also investigated by the ESTIMATE algorithm (23) and single-sample gene set enrichment analysis (ssGSEA) algorithm (24, 25). The immune checkpoint expression matrix was extracted and used for further DEG analysis and correlation tests.



GSEA, GSVA, Drug Response, External Validation in Immunotherapy Cohort IMvigor-210, and the Histological Verification in Protein Levels

Gene set enrichment analysis (GSEA) was conducted by the “clusterProfiler” package in R program (26, 27), and HALLMARK gene sets were set as the enrichment gene sets. Also, gene set variation analysis (GSVA) was conducted by the “GSVA” package in R program (28). The HALLMARK gene sets, KEGG_signaling pathways, programmed cell death-related gene sets, and cell senescence-related gene sets were separately used for GSVA, and the correlation between the PCSI levels and the activated levels of these gene functions or pathways was examined by the Spearman test. Notably, all the gene sets were searched and downloaded from MSigDb (https://www.gsea-msigdb.org/gsea/msigdb/).

The drug response to chemotherapy or targeted therapy was predicted by the ProPhetic algorithm, and then the drug sensitivity to chemotherapy or targeted therapy (summarized by the IC50) was compared between high-PCSI and low-PCSI patients. Moreover, the drug response to immunotherapy was summarized by the Tumor Immune Dysfunction and Exclusion (TIDE) scores in the TIDE database (http://tide.dfci.harvard.edu/) (29), then the differential immune escape potentials (TIDE scores) between high-/low-PCSI groups were investigated by the Wilcoxon test. More importantly, we added an external bladder cancer anti-PD-L1 immunotherapy cohort IMvigor 210 (30, 31). Each patient’s PCSI in IMvigor210 was calculated by the same method, and the differential PCSI distribution between differential response to the anti-PDL1 immunotherapy groups (CR/PR or PD/SD) was compared by the Wilcoxon test. Finally, we further searched the Human Protein Atlas (https://www.proteinatlas.org/) (32) for the histological verification in protein levels of the ECSRGs enrolled in the PCSI model between bladder tumor tissues and normal bladder tissues.




Results


Identification of 12 Vital Differentially Expressed Senescence Genes in Bladder Cancer

A complete flowchart of the analysis process is shown in Figure 1. From the beginning, we extracted the genes, which was vital to the viability of bladder cancer cell lines verified by genome-wide CRISPR knockout in the DepMap database and screened out differentially expressed genes (DEGs) in normal tissues and bladder cancer tissues using the gene expression data from TCGA database (Figure 2A; Supplementary Table 1). Then we obtained the senescence genes in the CellAge database (Supplementary Table 2) and intersected these genes with the DEGs, and 12 essential cell senescence regulator genes (ECSRGs) were finally sorted out (Figure 2B). Among the 12 ECSRGs, two (SRSF1 and CHEK1) were senescence promotors and the others were senescence inhibitors. Then we analyzed the interaction among these 12 ECSRGs and found that they were tightly interacted with each other (Figure 2C). Later we found that the expression of these 12 ECSRGs increased gradually in normal tissues, normal adjacent tumor tissues, and tumor tissues (Figures 2D, E). The location of these 12 ECSRGs on the chromosome is shown in Figure 2G. Moreover, we also performed copy number variation (CVN) analysis of these genes and found that most alterations were loss in copy number (Figure 2F). Besides, the correlation among the 12 genes was illustrated after analyzing data retrieved from TCGA (Figure 2H) and GEO (Figure 2I) databases. Above all, we successfully found 12 vital ECSRGs for further analysis.




Figure 1 | The flowchart and graphic abstract of this study.






Figure 2 | Identification of 12 vital differentially expressed senescence genes in bladder cancer. (A) Genome-wide CRISPR verified paired differentially expressed gene (DEGS) in TCGA database. (B) Venn diagram of DEGs and senescence genes in the CellAge database. (C) Relationship among the 12 genes. (D) Twelve genes were differentially expressed in normal and tumor tissues (* P < 0.05; ** P < 0.01; *** P < 0.001). (E) Differentially expressed 12 genes in normal, normal adjuvant tumor, and tumor tissues (** P < 0.01; *** P < 0.001). (F) CVN diagram of 12 genes. (G) The location of these 12 genes on the chromosome. (H, I) Correlation between 12 genes in TCGA (left) and GEO (right) databases.





Construction and Verification of the Prognostic Cell Senescence Index

In order to construct a prognostic index, we obtained 404 samples of BCa from TCGA database and divided them into two groups as training cohort (N = 204) and testing cohort (N = 200). The basic characteristics of the patients included are shown in Table 1. Then we used the LASSO regression and screened out five genes for further analysis (Figures 3A, B) and then sifted four genes from them through multivariate Cox regression using the gene expression data in the training cohort (Figure 3C). These four genes were PSMD14 (HR = 0.58, 95% CI = 0.37–0.91, P = 0.018), PSMB5 (HR = 2.05, 95% CI = 1.24–3.40, P = 0.005), PRPF19 (HR = 1.69, 95% CI = 1.08–2.65, P = 0.023), and TPR (HR = 1.77, 95% CI = 1.15–2.72, P = 0.009), and their interactions are shown in Supplementary Figure 1. The detailed information of these four genes is exhibited in Table 2. To evaluate the effectiveness of this prognostic index, we also obtained 165 samples from the GEO database (GSE13507) as validation cohort. We calculated the risk score according to the expression of the four senescence genes and divided the patients in these three cohorts into high- and low-risk score groups according to the median risk score as the cut-off value acquired from the training cohort (Figures 3E–G). The distribution of clinical characteristics of patients in the high- and low-risk score groups is shown in Figure 3D. Moreover, we also evaluated the survival status of each patient in three cohorts (Figures 3H–J). All these results revealed that patients in the high-risk score group seemed to have the worse clinical outcome than those in the low-risk group. Subsequently, we conducted Kaplan–Meier survival analyses and plotted survival curves (Figures 3K–M), which indicated that patients in the high-risk score group had worse survival outcome than those in the low-risk score group. The area under the curve (AUC) was used to check the effectiveness of the prognostic index (Supplementary Figure 2). Besides, the result of meta-analysis based on the three cohorts illustrated that the risk score was in good validity (HR = 1.33, 95% CI = 1.07–1.66, P = 0.06) (Figure 3N). At last, we established a nomogram using the senescence risk score and other clinical characteristics (age, gender, stage, and grade) to predict the survival probability of patients with BCa in 1, 3, and 5 years, respectively. Moreover, we randomly selected a patient and calculated that his survival probability in 5, 3, and 1 year were 57.1%, 63.5%, and 87.4%, respectively (Figure 4A). The AUC of this nomogram was 0.720 and the largest among all the models, indicating that the nomogram had better accuracy in predicting the overall survival (OS) compared with other independent factors (Figure 4B). Calibration plots of 1-, 3-, and 5-year OS also exhibited a good predicted accuracy (Figure 4C). Above, all these results suggested that the four-gene prognostic index could accurately and stably predict the survival outcome of BCa patients.


Table 1 | The basic characteristics of included patients.






Figure 3 | Construction and verification of the prognostic index. (A, B) Result of LASSO regression analysis. (C) Hazard ratio of each gene after multivariate Cox regression analysis. (D) The distribution of clinical characteristics of patients in the high- and low-risk score groups. (E–G) Risk scores of each patient in the training cohort, testing cohort, and verification cohort. (H–J) Survival status of each patient in the training cohort, testing cohort, and verification cohort. (K–M) Kaplan–Meier survival analyses of each patient in the training cohort (P = 0.001, log-rank test), testing cohort (P = 0.005, log-rank test), and verification cohort (P = 0.042, log-rank test). (n) Meta-analysis of the training cohort, testing cohort, and verification cohort (*P < 0.05; **P < 0.01; ***P < 0.001).




Table 2 | The detailed information and corresponding coefficient of the four cell senescence regulator genes.






Figure 4 | The establishment of a nomogram predicting the prognosis of patients with BCa. (A) Nomogram of a randomly selected patient (*** P < 0.001). (B) AUC curve of the nomogram. (C) Calibration plot of 1-, 3-, and 5-year overall survival.





Exploring the Relationship Between Tumor Mutation Burden and Risk Score

Here we mapped the mutation spectrum of patients with high risk score (Figure 5A) and low risk score (Figure 5B) in TCGA and obtained six significantly differentially mutant genes including RB1, DCC, TP53, LAMA3, VPS13D, and APOB by the chi-squared test (Supplementary Table 3). Subsequently, we compared the TMB in high- and low-risk score patients, indicating that the TMB of patients in the high-risk score group was higher (Figure 5C). Survival curves also suggested that the clinical prognosis of patients with high TMB was better (Figure 5D), while patients with a low risk score and high TMB had the best prognosis (Figure 5E).




Figure 5 | The relationship between tumor mutation burden (TMB) and risk score. (A, B) Mutation spectrum of high-risk (left) and low-risk (right) patients. (C) Comparison of TMB between patients in the high- and low-risk score groups. (D) Survival analyses for low- and high-TMB patient groups in TCGA-BLCA cohort using Kaplan–Meier curves (P < 0.001, log-rank test). (E) Survival analyses for four groups grouped according to TMB and risk score in TCGA-BLCA cohort using Kaplan–Meier curves. The high-TMB and low-risk score groups showed significantly better overall survival than the other three groups (P < 0.001, log-rank test).





Correlation Between Prognostic Index and Tumor Microenvironment in Bladder Cancer

In this part, we used the ESTIMATE algorithm to assess the TME immune cell infiltration in patients with BCa. As shown in Figure 6A, patients with a high risk score had a lower TME score (stromal score, immune score, and ESTIMATE score) than those in the low-risk group, which illustrated a lower proportion of immune and stromal cell infiltration and higher tumor purity. Then we evaluated the correlation between risk score and the expression of immune checkpoints (ICBs), indicating that most immune checkpoints were significantly low expressed in the high-risk score group (Figure 6B) and were negatively correlated with the risk score (Figure 6C). The results of immune-related function also revealed that the high-risk group was negatively associated with expression of the chemokine receptor (CCR) and HLA, secreting inflammation-promoting factors and response to IFN-γ (Figure 6D). Then, we used five methods to assess the composition of immune infiltration cells. Specifically, natural killer T-cell (NK T cell) infiltration was negatively correlated with the risk score under xCell analysis (Figures 7A, C) and was significantly reduced in the high-risk score group (Figure 7B).




Figure 6 | The relationship between risk score and TME. (A) TME scores of high- and low-risk patients (* P < 0.05; ** P < 0.01; *** P < 0.001). (B) Immune checkpoints expression in high- and low-risk-score patients (* P < 0.05; ** P < 0.01; *** P < 0.001). (C) Correlation between immune checkpoints and four genes (* P < 0.05; ** P < 0.01; *** P < 0.001). (D) Comparison of immune-related function of high- and low-risk-score patients (ns, no significance; * P < 0.05; ** P < 0.01; *** P < 0.001).






Figure 7 | The interaction of risk score and immune-related infiltration cells. (A) Correlation of immune cells infiltration and risk scores using five different methods. (B) Differential infiltration of immune cells between high- and low-risk-score patients. (C) Correlation between risk scores and NKT cells infiltration.





Gene Set Enrichment Analysis and Gene Set Variation Analysis

To verify the relationship between risk score and hallmark pathways and cell death mode, we performed GSEA and GSVA using HALLMARK gene sets, Kyoto Encyclopedia of Genes and Genomes (KEGG)_signaling pathways, programmed cell death related gene sets, and cell senescence-related gene sets. As shown in Figure 8A, the risk score was positively associated with totally 20 hallmark pathways including PI3K/AKT/mTOR signaling pathway, G2M checkpoint, and fatty-acid metabolism. Then we performed GSVA in different risk score groups (Figures 8B, C). Besides, we also performed KEGG analysis and discovered that the risk score was positively correlated with P53, NOTCH, and mTOR signaling pathway (Figure 8D). Also, we verified that the risk score was related to some pathways in cell death and cell aging. As shown in Figures 8E, F, the risk score was positively correlated with autophagy, apoptosis, and all cell aging-related pathways.




Figure 8 | GSVA and GSEA. (A) GSVA in Hallmark gene sets. (B, C) GSEA in high- and low-risk-score patients. (D) GSVA in the KEGG database. (E) Correlation between cell death mode and risk score. (F) Correlation between cell aging related pathways and risk score (* P < 0.05; ** P < 0.01; *** P < 0.001).





The Interaction Between Risk Score and Response to Chemotherapy and Immunotherapy

We analyzed the response to commonly used chemotherapy drugs in different risk score groups in order to guide clinical medication. As shown in Figures 9A–F, the smaller the IC50, the more sensitive patients were to drugs, so patients in the high-risk score were more sensitive to chemotherapy drugs, including cisplatin, doxorubicin, gemcitabine, mitomycin C, and vinblastine. Besides, we also analyzed many other alternative drugs when the above chemotherapy drugs did not work (Supplementary Figure 3). Anti-PD-L1 immunotherapy has also been proven effective for patients with metastatic urothelial carcinoma in a multicenter, single-arm phase 2 trial using atezolizumab (IMvigor 210, NCT02108652) (33). Therefore, we applied the IMvigor 210 cohort to verify the response to immunotherapy. The tumor immune dysfunction and ejection (TIDE) score was used to evaluate tumor immunotherapy response, where a smaller TIDE score meant better response to immunotherapy. In Figure 9G, patients with a low risk score had a larger TIDE score, indicating less sensitivity to immunotherapy, and in Figure 9H, patients in the CR/PR (complete response/partial response) group got a higher risk score than those in the SD/PD (stable disease/progressive disease) group. Overall, patients with a high risk score were more sensitive to immunotherapy.




Figure 9 | Response to chemotherapy and immunotherapy of patients in the high- and low-risk-score groups. (A–F) Comparison of chemotherapy drugs sensitivity in high- and low-risk-score patients including cisplatin, doxorubicin, gemcitabine, mitomycin C, and vinblastine. (G) TIDE scores of high- and low-risk-score patients (*** P < 0.001). (H) Risk scores of CR (complete response)/PR (partial response) patients and SD (stable disease)/PD (progressive disease) patients after PD-L1 immunotherapy.





Immunohistochemical Analyses of PSMD14, PRPF19, PSMB5, and TPR

We obtained the results of immunohistochemical staining of PSMD14, PRPF19, PSMB5, and TPR in normal tissues and bladder cancer tissues (Figures 10A–D) and demonstrated that these four genes were highly expressed in tumor tissues and lowly expressed in normal tissues.




Figure 10 | IHC staining of (A) PSMD14, (B) PRPF19, (C) PSMB5, and (D) TPR in normal tissues (left) and bladder cancer tissues (right).






Discussion

Senescence is a stable state characterized by permanent withdrawal from the cell cycle under endogenous and exogenous stimuli and specific changes in cell morphology and physiology. As a complementary mechanism to programmed cell death, senescence functions like a safeguard to remove dysfunctional or diseased cells and stabilize the body’s internal environment. Senescence has long been considered as a protective mechanism against tumorigenesis since cancerous cells can be induced by senescence and prevented from proliferation and progression (34). However, there is growing evidence that senescence can also contribute to tumor development and progression in certain circumstances and has been regarded as a new hallmark of cancer (35). Studies thought that senescence could promote tumor phenotypes mainly via SASP, a phenotype characterized by enhanced secretion of pro-inflammatory cytokines, growth factors, and matrix metalloproteinases (MMPs) in an autocrine or paracrine fashion. These signaling molecules can influence the tumor and other cells in TME and lead to tumor immunity suppression, angiogenesis, tumor proliferation, invasion, and metastasis (36). Studies also found that some tumor cells were in transitory, reversible senescent states and could escape from senescence and reenter the cell cycle, resulting in recurrence and more aggressive tumors (37). Therefore, it is intriguing to deeply explore the exact role of senescence in specific tumor development and prognosis of cancer patients. Nevertheless, limited studies have investigated the effect of senescence in BCa and previous studies only focused on few senescence genes while ignoring their interactions and comprehensive function. Considering the importance of SASP in shaping TME and the development of tumor, we believed it was also valuable and feasible to explore the interaction between TME immune cell infiltration and senescence.

Hence, in this study, using the genome-wide CRISPR screening data acquired from DepMap, we calculated the dependence score via the CERES algorithm and screened genes, which was essential to proliferation and survival in BCa cell lines (18). Genome-wide CRISPR has high gene editing specificity and low off-target effect. Therefore, CRISPR is more effective in screening genes. Then we sifted differently expressed genes (DEGs) between paired BCa and normal tissues from these genes using the gene expression data downloaded from TCGA. Afterward, we took the intersection between CRISPR-verified paired DEGs and genes in the CellAge database and finally identified 12 vital senescence genes in BCa, four of which were selected to construct a cell-senescence-regulator-gene prognostic index after applying LASSO and the multivariate COX regression model. To investigate the relationship between senescence index and the prognosis of patients with BCa, we randomly divided the patients in TCGA cohort into training and testing cohorts and calculated the risk score according to the expression of the four senescence genes. No matter for the training cohort and testing cohort (TCGA) or validation cohort (GSE13507), the prognostic senescence index exhibited robust capacity in predicting survival outcomes of patients with BCa. Combining the risk score with other clinical factors (age, gender, stage, and grade), a nomogram was established with better predictive capacity of OS in 1, 3, and 5 years. We further uncovered the interaction between risk score and TMB and their combined effect in predicting the patients’ prognosis. Moreover, we also evaluated the differential TME immune cell infiltration landscape between the two risk subgroups from different perspectives including immune and stromal scores, the purity of tumor, the abundance of immune cells, the expression of immune checkpoints, and the functions of immune cells. We also performed GSVA and GSEA to investigate the interaction between risk score and hallmark pathways. Finally, the role of risk score in heralding the efficacy of immunotherapy and chemotherapy was also investigated.

The four genes which were finally included in the cell-senescence-regulator-gene prognostic index include PSMD14, PSMB5, TPR, and PRPF19, and all belong to senescence inhibitors. PSMD14 is a kind of deubiquitinating enzymes (DUBs) and was reported to be connected with tumor progression and poor prognosis in many types of cancer including neck squamous cell carcinoma (38), non-small cell lung cancer (39), ovarian cancer (40), and hepatocellular carcinoma (41). Gong considered that a high expression of PSMD14 in tumor cells may lead to aging or failure of CD8+ T cells, which may explain the positive correlation between high expression of CD8+ T cells and PSMD14 and poor prognosis in osteosarcoma (42). PSMB5 is a member of the PSMB family and ubiquitin-proteasome system, which was demonstrated to play important roles in tumor progression and immune cell infiltration, especially in breast cancer. PSMB5 was downregulated in M1-polarized THP-1 macrophages. Knockout of PSMB5 with shRNA could promote THP-1 to differentiate into M1 macrophages. It can also inhibit the proliferation and migration of breast cancer cells (43, 44). TPR is essential to a variety of nuclear functions such as the transport of mRNAs and proteins through nuclear pore, chromatin organization, and mitosis, whose mutations were detected in many kinds of cancers and contributed to cancer development and aging (45, 46). PRPF19 participated in DNA damage response and pre-mRNA processing and was reported to be linked with cancer growth in tongue cancer (47) and hepatocellular carcinoma (48) and could regulate cellular senescence in a p53-dependent manner (49). In hepatocellular carcinoma, TP53 mutation may have a positive effect on PRPF19 expression by reducing the promoter methylation of PRPF19 (48). In this article, for the first time, we reported the roles of these genes in the prognosis of BCa. Consistent with other cancers, PSMB5, TPR, and PRPF19 were independent prognostic risk factors in BCa, while PSMD14 seemed to be a protective factor, which was different from other types of cancers. The result needs further verification and the mechanisms need to be explored in the future.

TMB was regarded as a potential biomarker to predict the response to immunotherapy with ICBs. High TMB could predict high ICB efficacy and better overall survival in BCa (6, 50, 51). We found that the high-risk score group had higher TMB compared to the low-risk score group and patients with high TMB had better overall survival, which was consistent with previous studies. We also found that there existed significant distribution differences of TMB in some mutated genes such as TP53 and RB1, both of which were vital TSGs and had higher mutation frequency in the high-risk score group. Previous studies have demonstrated that overexpression of oncogenes could induce cellular senescence and work as a barrier to block tumor growth in the existence of TSGs. However, the mutation of TSGs could lead to senescence escape and was a critical step in tumor progression (13). Therefore, the poor prognosis in the high-risk score group might partially attribute to the loss or inactivation of TSGs.

TME includes not only cancer cells but also immune and stromal cells and plays a vital role in the development of tumor (52). The immune cells consist of tumor-associated macrophages (TAMs), tumor-associated neutrophils (TANs), tumor-infiltrating lymphocytes (TILs), and myeloid-derived suppressor cells (MDSCs). The stromal cells include endothelial cells, cancer-associated fibroblasts (CAFs), and other cells (53). As mentioned above, SASP was characterized by increased secretion of multiple pro-inflammatory and pro-regenerative factors, which could attract and activate immune cells in the TME to clear the senescent cells and maintain the tissue homeostasis or lead to senescence escape and tumor progression, which depends on the kinds of immune cells and factors in the TME. Stromal cells also have the ability of promoting tumor via SASP. For example, senescent CAFs were demonstrated to promote tumors through conveying hallmark capabilities to cancer cells in the TME, and senescent fibroblasts in normal tissues could remodel the tissue microenvironments and contribute to tumor invasion and metastasis via SASP (35, 36). In our study, we found that a high risk score was connected with a low proportion of immune cells and high purity of tumor cells in the TME of BCa, which means that senescence could interfere with the enrichment of immune cells in TME and lead to the accumulation of tumor cells. We also noticed that the expressions of some immune checkpoints were negatively connected with the risk score with statistical significance, but for those commonly used for immunotherapy target such as PD-1, CTLA-4, and LAG-3, there existed no statistical difference between the high- and low-risk score subgroups. Moreover, we also found that the functions of immune cells in the high-risk score subgroup were partially aberrant compared to the low-risk score subgroup, such as expression of chemokine receptor (CCR) and HLA, secreting inflammation-promoting factors and response to IFN-γ. CCR was important for TAMs to accumulate in the TME, and HLA, also called MHC, was essential to the activation of adaptive antitumor immunity and recognition of tumor cells by NK cells and CD8+ T cells (53). Moreover, IFN-γ could induce Th0 cells and M0 macrophages to differentiate into Th1 and M1 phenotype and exert anti-tumorigenic functions, and it could also induce senescence (53). Besides, we discovered that the NK T cells, which were crucial to the antitumor immunity (54), were negatively connected with the risk score. As a result, the patients in the high-risk score group had a poor survival outcome compared with those in the low-risk score group.

T cells are important for the establishment and maintenance of immune responses. With the process of immunosenescence, T cells could become either anergic, exhausted, or senescent, which would break the immune homeostasis. Exhausted T cells were characterized with high expression of immune checkpoints and decreased production of effector cytokines, while senescent T cells were featured by short telomeres, low expression of co-stimulatory molecules CD28 and CD27, and increased expression of senescence-associated-ß-galactosidase (SA-ß-Gal). CD8+ T cells were more easily influenced by immunosenescence than CD4+ T cells reflected by a remarkably lower number of circulating naïve CD8+ T cells (55). In this article, we found that the risk score was positively correlated with the number of naïve CD8+ T cells in the TME, which means more remarkable immunosenescence in the low-risk score group. Combining the fact that many immune checkpoints were highly expressed in the low-risk group, we thought most T cells were exhausted, which accounts for the high TIDE score and poor immunotherapy outcome using ICBs in this group. Immunotherapy using ICBs has shown promising outcomes in clinical trials among patients with BCa (33, 56). Despite powerful efficacy in some patients, only approximately one-third of the patients see pronounced clinical response to immunotherapeutic intervention (57). It was also reported that immune-mediated cancer control and senescence induction could be achieved and reinforced by the use of ICBs (58). ICBs could enhance the antitumor effect of T cells and NK cells and increase the ability of antigen presentation of dendritic cells to restore senescence barrier. Here, we have demonstrated that risk score could serve as a latent biomarker to predict the response of immunotherapy and screen out the appropriate patients, which was important for precise medicine. Besides, our study found that the high-risk group was positively correlated with a variety of cell death pathways including autophagy. Autophagy is a cellular degradation pathway, which plays a variety of roles in maintaining cell homeostasis. In addition, autophagy also has an impact on cancer initiation, progression, immune infiltration, and metabolism (59). As early as 2009, Narita et al. proposed a new mechanism of autophagy in cell aging: autophagy is activated during aging, which is the same as the result of our study, and its activation is related to the negative feedback of PI3K—mammalian target of rapamycin (mTOR) pathway (60).

Furthermore, we also explored the relationship between risk score and response to chemotherapy. Low doses of chemotherapy itself could induce senescence in cancer cells, which was called chemotherapy-induced senescence. Platinum-based compounds, such as cisplatin, could induce senescence through extensive DNA damage. Moreover, methotrexate and gemcitabine could both induce genotoxic stress by blocking DNA synthesis, thereby inducing cellular senescence (61). Methotrexate, gemcitabine, vinblastine, doxorubicin, and cisplatin were commonly used drugs for MIBC. We found that IC50 for all these drugs were significantly lower in the high-risk score group, which indicated a better response to chemotherapy in this group.

However, some limitations and shortcomings must be addressed in this study. First, the senescence genes were acquired from the CellAge database; as many new senescence genes have been put forward recently, the genes we used for analysis might not be comprehensive enough and this would bring some bias into our studies. Second, the current omics data only provide the level of mRNA and lack protein expression data, which will bring in some inaccuracies. Third, the number of clinical samples is limited and our study lacks external verification from other clinical data sets apart from the public data. Therefore, we are prepared to collect some clinical samples to further verify our conclusions. Finally, the molecular mechanism has not been characterized and further experiments are needed.

In conclusion, our study provided a comprehensive insight into the interaction between cellular senescence, TMB, TME immune cell infiltration, and response to chemotherapy and immunotherapy and interpreted the complicated regulation mechanisms of senescence in BCa. Better understanding and evaluating senescence could be beneficial in selecting appropriate patients, guiding precise therapy, and improving the prognosis of patients with BCa.
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MS4A6A has been recognized as being associated with aging and the onset of neurodegenerative disease. However, the mechanisms of MS4A6A in glioma biology and prognosis are ill-defined. Here, we show that MS4A6A is upregulated in glioma tissues, resulting in unfavorable clinical outcomes and poor responses to adjuvant chemotherapy. Multivariate Cox regression analysis suggested that MS4A6A expression can act as a strong and independent predictor for glioma outcomes (CGGA1: HR: 1.765, p < 0.001; CGGA2: HR: 2.626, p < 0.001; TCGA: HR: 1.415, p < 0.001; Rembrandt: HR: 1.809, p < 0.001; Gravendeel: HR: 1.613, p < 0.001). A protein–protein interaction (PPI) network revealed that MS4A6A might be coexpressed with CD68, CD163, and macrophage-specific signatures. Enrichment analysis showed the innate immune response and inflammatory response to be markedly enriched in the high MS4A6A expression group. Additionally, single-cell RNA sequencing (scRNA-seq) analysis revealed distinctive expression features for MS4A6A in macrophages in the glioma immune microenvironment (GIME). Immunofluorescence staining confirmed colocalization of CD68/MS4A6A and CD163/MS4A6A in macrophages. Correlation analysis revealed that MS4A6A expression is positively related to the tumor mutation burden (TMB) of glioma, displaying the high potential of applying MS4A6A to evaluate responsiveness to immunotherapy. Altogether, our research indicates that MS4A6A upregulation may be used as a promising and effective indicator for adjuvant therapy and prognosis assessment.
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Introduction

Glioma is the most common category of cancer in the central nervous system (CNS), with great aggressiveness and neurological destructiveness (1). According to the latest 2021 glioma classification, glioma malignancy is categorized as WHO II–IV based on histological and molecular features (2). Despite the advanced combination of therapeutic regimens and strategies, including surgical resection, radiation treatment, and temozolomide application, outcomes for glioma are still disappointing, especially for glioblastoma (GBM), for which the overall median survival time (MST) is no more than 20 months (3). Therefore, the main objective of the present study was to explore new possible and effective targets for personalized therapeutic management and treatment of glioma.

Publicly accessible data from TCGA, CCGA, and GEO allow for researching clinicopathological features using large-scale tumor samples, which greatly contributes to the detection and identification of effective tumor-associated candidates (4–6). In addition, the widespread application of single-cell RNA sequencing (scRNA-seq) technology has led to the development and establishment of accurate tools with high sensitivity and invasiveness for use in early disease recognition, diagnosis, and treatment. For example, based on scRNA-seq analysis, PDIA5 (Protein Disulfide Isomerase Family A Member 5) has been identified as associated with worse glioma outcomes and induction of macrophage infiltration (7). Recent studies have demonstrated a potential relationship between MS4A6A alterations and aging-related diseases, such as the SNP rs610932, which is located in the 3’ untranslated region of MS4A6A and correlates with cortical and hippocampal atrophy (8). Furthermore, elevated MS4A6A expression in late-onset Alzheimer’s disease (AD) tissues has been identified as correlating with an elevated Braak Tangle Score, a neuropathological measure for AD development and progression (9–11). Recent research has also revealed that MS4A6A dysregulation is involved in the acute phase of Kawasaki disease (KD) via macrophage infiltration induction (12). Tumor-associated macrophages (TAMs) are the most representative cell population of tumor-infiltrating leukocytes (TILs) in the glioma immune microenvironment (GIME). TAMs are heterogeneous populations that include brain-resident microglia, border-associated macrophages (BAMs), and bone marrow-derived macrophages (BMDMs), which correlate negatively with infiltration of T cells, neutrophils, and plasmacytoid dendritic cells (pDCs), leading to the immunosuppressive nature of the GIME (13–15). Moreover, intratumoral TAM accumulation is increased along with higher pathological grade in glioma, indicating the critical role of TAMs in tumor development (16, 17). In previous research, t-test analysis of 33 subjects showed that dysregulated methylation of MS4A6A may contribute to poor prognosis in GBM; however, the study failed to illustrate the association of methylation and expression of the potential marker (18). Another study on 154 samples proposed that MS4A6A overexpression has no significant correlation with GBM outcomes (p = 0.83) (19). As comprehensive large-scale analysis of the biological role of the potential marker MS4A6A in glioma tumorigenesis and prognosis has not been fully performed, there is a lack of in-depth insight.

Here, we report that MS4A6A is hypomethylated and overexpressed in glioma tissue at both transcriptional and protein levels, which is related to a significant decrease in overall survival (OS). We also identified that MS4A6A may promote the level of macrophage infiltration in the GIME.



Materials and methods


MS4A6A expression and methylation analysis

TCGA-LGG and TCGA-GBM datasets were obtained, including mRNA expression data, somatic mutation data, and follow-up information from the database TCGA (https://portal.gdc.cancer.gov/). Both sets were merged into a TCGA glioma set for further analysis. Additionally, MS4A6A expression data in the CGGA1 and CGGA2 datasets were acquired from CGGA. The RNA-seq data of TCGA and CGGA glioma datasets were log2(fragments per kilobase of exon model per million fragments mapped (FPKM)+ 1) transformed. MS4A6A microarray expression data in the Gravendeel and Rembrandt datasets were acquired from GlioVis. Clinical data such as age, sex, isocitrate dehydrogenase (IDH) status, 1p19q status, WHO grade, and O⁶-methylguanine-DNA methyltransferase promoter (MGMTp) status were obtained from TCGA and CGGA; information such as age, sex, and WHO grade in Gravendeel and WHO grade in Rembrandt were also obtained. Samples with no survival data were excluded. Finally, a total of 2,089 cases, including 601 samples from TCGA, 965 from CGGA (CGGA1 cohort, N = 656; CGGA2 cohort, N = 305), 335 from Rembrandt, and 192 from Gravendeel, were included in our research (Table S1). Human Protein Atlas (HPA) was utilized to confirm MS4A6A expression levels in glioma tissues at the protein level. To detect the mechanisms of MS4A6A dysregulation, exploration of the mutation status of MS4A6A was conducted using the cBioPortal database. Three subsequent databases were selected for MS4A6A methylation analysis. First, DiseaseMeth version 2.0 (20) was chosen to evaluate MS4A6A methylation differences between glioma samples and nontumor brain tissues. Moreover, we investigated the correlation between the expression and DNA methylation status of MS4A6A based on the MEXPRESS database (21). Expression differences in DNA methyltransferases such as DNMT1 (DNA methyltransferase 1), DNMT3A (DNA methyltransferase 3 alpha), and DNMT3B (DNA methyltransferase 3 beta) between subgroups divided by MS4A6A expression were analyzed using the CGGA database. The workflow of this study is depicted in Figure S1.



Functional annotation of differentially expressed genes related to MS4A6A expression

Patients in the CGGA1 set were divided into two subgroups according to the optimal cutoff obtained by the Survminer package based on MS4A6A expression files. First, DEGs between the subgroups (|log2FC| > 1 and FDR < 0.05) were detected using the R package edgeR and then visualized by volcano plots. Then, DEGs were selected for further analysis using the R package clusterProfiler (22) for Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene Set Enrichment Analysis (GSEA). A PPI network related to MS4A6A was constructed by the STRING database (23).



Inference of immune infiltrates in the GIME

Infiltrating immune cells constitute a high percentage of nontumor cells in the tumor microenvironment and exert significant effects on cancer biology. For quantification of immune infiltrates in tumor samples, the CIBERSORT algorithm (24) was used with RNA-seq data for the CGGA1 cohort, with 1,000 permutations preset. The TIMER database (25) was selected to calculate the correlation between MS4A6A expression and six types of infiltrating immune cells in the GIME. The ESTIMATE database (26) provides calculated immune scores of TCGA data as representative of infiltrative fractions of immune cells in tumor samples. Immune scores of LGG and GBM patients in TCGA cohorts were divided into two groups, separately, in accordance with the optimal cutoffs of MS4A6A expression.



Human samples

Human tissues were obtained from the Department of Neurosurgery in Renmin Hospital of Wuhan University from July 2017 to July 2020. Frozen (at −80°C) samples, including 9 normal brain samples and 23 glioma samples, were used for real−time quantitative PCR (RT−qPCR) analysis. A total of 124 paraffin-embedded glioma tissues were selected for immunohistochemical staining (IHC) and immunofluorescence staining. Additionally, nine normal paraffin-embedded brain samples were chosen for IHC. Details of the included samples are shown in Table S2. The enrolled patients received no treatment before biopsy. Each subject signed written informed consent before enrollment, and our study received approval from the Institutional Ethical Boards of Wuhan University Renmin Hospital.



Real−time quantitative PCR analysis

RNA extraction was conducted using the PrimeScriptTM RT Reagent Kit with gDNA Eraser (Takara Bio Inc, Japan) in accordance with the manufacturer’s protocols and transcribed into cDNA for further analysis. RT-qPCR was conducted with SYBR Premix Ex Taq (Takara Bio Inc., Japan). The primer sets are provided in Table S3. β-Actin was used for normalization.



Immunohistochemistry

Sections were deparaffinized, hydrated, and subjected to antigen retrieval in 10 mM sodium citrate (pH 6.0). Endogenous peroxidase was blocked with 3% H2O2 for 30 min. The sections were blocked with 10% normal goat serum and incubated with primary antibodies (Abcam, America) overnight, followed by incubation with a secondary antibody (Servicebio, China). Signals were evaluated by DAB staining (Servicebio, China). We obtained IHC images using an Olympus BX51 microscope (Olympus). Two independent pathologists scored the slides for the percentage of positive cells per mm2 using ImageJ software. IHC scores were evaluated as follows: 0 was considered background staining; 1, 2, and 3 were treated as faint, moderate, and strong staining, respectively. IHC expression was scored as 0–1 for low expression and 2–3 for high expression.



Immunofluorescence staining

Sections were deparaffinized and hydrated, and antigen was retrieved in 10 mM sodium citrate (pH 6.0); the slides were then washed three times with PBS. Diluted primary antibodies against CD68 (BOSTER, China, dilution ratio: 1:400), CD163 (Abcam, America, dilution ratio: 1:500), and MS4A6A (Abcam, America, dilution ratio: 1:200) were incubated at 4°C overnight, followed by a horseradish peroxidase (HRP)-labeled secondary antibody (SeraCare, China, dilution ratio: 1:200) at 37°C for 1 h under dark conditions. DAPI (ANT046, Antgene) was added in the dark for 5 min, and we obtained IF staining images using a fluorescence microscope (Olympus BX51, Japan).



Single-cell RNA sequencing analysis

We first detected MS4A6A expression features based on the TISCH database (http://tisch.comp-genomics.org). scRNA-seq data acquisition (GSE138794) was carried out using the GEO database, and 10 samples, including both five LGGs and five GBMs, were subjected to in-depth analysis. Samples were combined using the merge function in the Seurat package. Cells with poor quality (<200 genes/cell, <3 cells/gene, >20% mitochondrial genes, and <10% ribosomal genes) were excluded. Hemoglobin genes were removed due to their low expression levels. Finally, 16,158 genes and 19,667 cells in 10 samples were included in downstream analysis. The top 10 components of principal component analysis (PCA) on the normalized data were subjected to UMAP for dimension reduction, and the scRNA-seq data were processed with the R package Seurat. Specific cell markers were obtained for cell category annotation from the CellMarker database (27) and previous findings (13, 14, 28–34).



Statistical analysis

Examination of data normality was conducted based on the Shapiro–Wilk test. The Wilcoxon test for nonparametric data and t-test for parametric data were used for comparisons between two groups. The optimal cutoff was assessed and acquired using the surv_cutpoint function in the R package Survminer to separate objects into two subgroups in the corresponding independent cohort based on MS4A6A expression. Kaplan–Meier (K-M) curves were plotted. The log-rank test was chosen, and p-values were evaluated. The independent predictive potential of MSA4A6 expression was assessed based on multivariate Cox regression analysis. The prediction accuracy of MS4S6A expression for 1-, 3-, and 5-year OS was determined using ROC (receiver operating characteristic) curves. Mutation files of TCGA glioma sets were visualized based on the R package maftools. All statistical analyses were performed using R (v4.1.0). All tests were two-sided, and p < 0.05 was considered significant.




Results


MS4A6A is overexpressed and hypomethylated in glioma

Expression of MS4A6A in TCGA, Rembrandt, and Gravendeel was analyzed and visualized using data from GEPIA and GlioVis. The results showed significant overexpression of MS4A6A in glioma compared with nontumor brain samples; additionally, the elevated level of MS4A6A incrementally correlated positively with glioma WHO grade (Figures 1A–C). Furthermore, using the HPA database, we verified that MS4A6A was overexpressed in glioma at the protein level (Figures S2A–C). However, we found no significant differences among normal brain, low-grade glioma (LGG), and high-grade glioma (HGG) tissues, which might be due to the small size of the samples included in HPA (Figure S2D). RT-qPCR and IHC staining using tissues from healthy controls and LGG and GBM patients validated that MS4A6A is overexpressed in glioma (Figures 1D–H).




Figure 1 | Expression and methylation analysis of MS4A6A in glioma.MS4A6A is upregulated in glioma explored based on public data (A-C) and validated by RT-PCR (D); representative IHC staining images of normal control (E), LGG (F), and GBM (G); scale bar, 20 μm. GBM and LGG samples had higher IHC scores than normal samples (H). DNA methyltransferases are upregulated in the high MS4A6A expression group; the expression profiles were Z score normalized (I). The MS4A6A methylation level correlates negatively with glioma WHO grade (J) and demonstrated differences between subgroups according to MS4A6A expression (K). MS4A6A methylation has a negative impact on its mRNA expression (L). p-values were obtained from the Wilcoxon test (A–C, I–K) and t-test (D–H) (bar plots show means ± SD; ns, p > 0.05, *p < 0.05; ***p < 0.001; ****p < 0.0001).





Hypomethylation of MS4A6A negatively modulates MS4A6A expression in glioma

To further elucidate the aberrant epigenetic and epigenomic mechanisms involved in MS4A6A dysregulation, we first conducted correlation analysis of methylation and expression. Expression levels of DNMT1, DNMT3A, and DNMT3B in the MS4A6Ahigh subgroup were significantly elevated in comparison with those in the MS4A6Alow subgroup (Figure 1I). Data from the DiseaseMeth database revealed that the degree of MS4A6A methylation was markedly higher in normal brain samples than in gliomas and correlated negatively with pathological grade (Figure 1J). In addition, the methylation data for MS4A6A were strongly related to its expression level (Figure 1K), which was validated by the Spearman correlation test (ρ = −0.42, p < 2.2e−16, Figure 1L). Using the MEXPRESS database, we detected six CpG sites (cg20284999, cg24026212, cg06881914, cg04353769, cg00673646, and cg03055440) in the DNA promoter regions of MS4A6A correlating negatively with MS4A6A expression in LGG tissues and that promoter methylation of cg03055440 had a negative effect on MS4A6A expression in GBM tissues (Figures 2A, B). Finally, we examined copy number changes in MS4A6A. cBioPortal analysis demonstrated no alterations in MS4A6A (Figure S2E). In summary, these findings indicate that MS4A6A is overexpressed in glioma and that hypomethylation is the major epigenetic mechanism leading to overexpression of MS4A6A in glioma.




Figure 2 | The DNA methylation level of MS4A6A in LGG (A) and GBM (B) correlates negatively with the MS4A6A expression level using data from the MEXPRESS database. ***P < 0.001.





Evaluation of prognostic significance and prediction accuracy of MS4A6A

To evaluate the prognosis-predicting potential of MS4A6A overexpression, data from TCGA, GlioVis, and CGGA were selected for analysis. According to the optimal cutoff of the expression values of MS4A6A in each dataset, the visualized K-M survival curves and log-rank test confirmed tremendous survival differences between the groups. Figures 3A–C and Figures S3A, B demonstrate that patients in the low MS4A6A expression group had better outcomes than their counterparts with high MS4A6A expression (log-rank test, p < 0.001). Based on AUCs, MS4A6A expression strongly and accurately predicts glioma OS at 1 year (CGGA1: 0.63; GGGA2: 0.68; TCGA: 0.77; Rembrandt: 0.60; Gravendeel: 0.62), at 3 years (CGGA1: 0.69; GGGA2: 0.75; TCGA: 0.74; Rembrandt: 0.65; Gravendeel: 0.69), and at 5 years (CGGA1: 0.69; GGGA2: 0.77; TCGA: 0.69; Rembrandt: 0.68; Gravendeel: 0.68) (Figures 3D–F and Figures S3C, D). Univariate and multivariate Cox regression analyses of clinicopathological covariates and MS4A6A expression showed MS4A6A to constitute an index that can independently assess glioma outcomes in the CGGA1 (HR: 1.765, p < 0.001), CGGA2 (HR: 2.626, p < 0.001), TCGA (HR: 1.415, p < 0.001), Rembrandt (HR: 1.809, p < 0.001), and Gravendeel (HR: 1.613, p < 0.001) sets (Table 1 and Table S4). In addition, patients with low MS4A6A had favorable outcomes when they received adjuvant therapy (Figures S4A–D).




Figure 3 | Survival analysis of MS4A6A expression and prediction accuracy assessment.Kaplan–Meier curves of survival differences between MS4A6A subgroups in the CGGA1 set (A), CGGA2 set (B), and TCGA set (C). ROC curves calculating the predictive accuracy of MS4A6A in the CGGA1 set (D), CGGA2 set (E), and TCGA set (F) for OS at 1, 3, and 5 years.




Table 1 | Cox regression analysis of the clinical variables, and survival in the CGGA1, CGGA2 and TCGA cohorts.





Association of MS4A6A expression with clinical subgroup

The prognostic ability of MS4A6A expression was further evaluated in gliomas with distinct clinical and pathological parameters in CGGA1, CGGA2, and TCGA cohorts. We found that MS4A6A expression had no correlation with sex or MGMTp status in glioma. However, 1p19q deletion, IDH wild-type or WHO IV correlated significantly with higher MS4A6A expression (Figures S5A–C). Elevated expression of MS4A6A was found in glioma patients with a mean age > 43 years (Figures S5A–C), demonstrating the tight association of MS4A6A expression with the aging process. Moreover, according to K-M plots, the survival differences were still obvious after grouping by MS4A6A expression and clinicopathologic subgroups (log-rank test, p < 0.001; Figures 4A–F, Figures S6A–F and Figures S7A–F), demonstrating that the MS4A6A expression level might play an important role in glioma OS classification.




Figure 4 | OS stratification analysis.Kaplan–Meier curves of gliomas in the CGGA1 cohort based on the combined effects of MS4A6A expression and 1p19q status (A), IDH status (B), age (C), grade (D), sex (E), and MGMTp status (F).





Functional enrichment analysis of MS4A6A-related DEGs

To further explore the potential functions of MS4A6A in glioma, GO and KEGG pathway enrichment analyses were conducted based on DEGs between groups divided by MS4A6A expression. We found that expression of 1,494 genes was dysregulated, including 1,376 upregulated and 118 downregulated genes (Table S5). In addition, CD68 (CD68 molecule) and HLA-DRA (major histocompatibility complex, class II, DR alpha) were upregulated in the high MS4A6A expression group (Figure 5A). GO analysis of the upregulated genes indicated involvement in immune activation-related processes, such as the MHC protein complex, regulation of mononuclear cell proliferation and antigen processing and presentation, and oncogenic processes, such as extracellular matrix remodeling. KEGG analysis demonstrated that genes with overexpression are mainly enriched in immunosuppressive and carcinogenic pathways, such as the IL-17 and p53 signaling pathways (Table S6 and Figure S8A). Furthermore, GO analysis of downregulated genes showed enrichment of glutamatergic synapse and GABA receptor activity, and KEGG analysis revealed that downregulated genes are associated with cognition (Table S7 and Figure S8B). PPI networks are composed of proteins interacting with each other, and we used the STRING online tool to illustrate potential proteins related to MS4A6A. We found that MS4A6A might be coexpressed with ABCA7 (ATP Binding Cassette Subfamily A Member 7), BIN1 (Bridging Integrator 1), C1orf162 (Chromosome 1 Open Reading Frame 162), CD163 (CD163 Molecule), CD2AP (CD2-Associated Protein), CD33 (CD33 Molecule), FGL2 (Fibrinogen Like 2), MS4A4E (Membrane Spanning 4-Domains A4E), and PICALM (Phosphatidylinositol Binding Clathrin Assembly Protein) (Figure S8C). CD163, a phenotypic marker of M2 macrophages, has been applied to differentiate M2 from M1 macrophages, and interactions between CD163 and MS4A6A might indicate the role of MS4A6A in inducing macrophage infiltration. Finally, GSEA was conducted for glioma samples, and GOBP: innate immune response and GOBP: Toll-like signaling pathway were enriched in the MS4A6A high expression group (Figures 5B, C). For an in-depth understanding of enrichment differences between MS4A6A subgroups of gliomas in the same WHO grade group, we conducted enrichment analysis on DEGs between MS4A6A LGG and in GBM subgroups (Tables S8, S9). The results showed processes including GO: myeloid leukocyte activation and GO: lymphocyte mediated immunity to be significantly enriched in the MS4A6A high expression subgroup in LGG and GBM, respectively (Tables S10, S11). These findings show that MS4A6A elevation in glioma might be involved in modulating immune suppression by inducing myeloid leukocyte infiltration, independent of glioma grade.




Figure 5 | Functional annotation of MS4S6A-related genes and correlation between MS4A6A expression and immune infiltrates.Volcano plot of differentially expressed genes (DEGs) between high and low MS4A6A expression groups (A). GSEA of upregulated (B) and downregulated (C) DEGs. Box plots of 22 immune cell infiltration levels between the high and low MS4A6A groups (D). Correlation between MS4A6A expression and TILs (tumor-infiltrating lymphocytes) (E) (ns, p > 0.05, *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).





Insight into the role of MS4A6A in immune infiltrates in the GIME

It has been demonstrated that immune cells in the tumor microenvironment play a role in carcinogenesis and cancer development. To estimate the possible correlation of MS4A6A with TILs in the GIME, we first carried out correlation analysis on deconvoluted data from the CIBERSORT website and found a strong correlation between the infiltrative levels of macrophages and MS4A6A (Figures 5D, E). Using the calculated data from the ESTIMATE database, patients in the MS4A6Ahigh group had statistically higher immune scores than those in the MS4A6Alow subgroup in the cohorts TCGA-GBM and TCGA-LGG (Figure S8D, E, Wilcoxon test, p < 0.001, respectively). As shown in Figure S8F, the MS4A6A expression level based on the TIMER database in GBM was significantly related to infiltration of B cells (ρ = 0.378, p = 1.13e-15), CD8+ T cells (ρ = −0.362, p = 2.26e-14), CD4+ T cells (ρ = 0.147, p = 2.60e-03), macrophages (ρ = 0.319, p = 2.37e-11), neutrophils (ρ = 0.371, p = 4.04e-15), and dendritic cells (ρ = 0.378, p = 1.30e−15); for LGG, the MS4A6A expression level was also associated with infiltration of B cells (ρ = 0.445, p = 1.16e-24), CD8+ T cells (ρ = 0.233, p = 2.73e-07), CD4+ T cells (ρ = 0.691, p = 6.04e-69), macrophages (ρ = 0.741, p = 2.03e-83), and neutrophils (ρ = 0.668, p = 8.98). After adjustment based on glioma purity, MS4A6A remained notably related to the majority of signatures of immune cells, particularly macrophages (GBM: CD68: ρ = 0.623, p < 0.001; LGG: CD68: ρ = 0.805, p < 0.001) and M2 macrophages (GBM: CD163: ρ = 0.591, p < 0.001; LGG: CD163: ρ = 0.750, p < 0.001) (Table 2). Additionally, there was a high degree of correlation between MS4A6A and the molecular signatures of exhausted T cells, for example, a strong correlation of MS4A6A expression with HAVCR2 (hepatitis A virus cellular receptor 2) expression (GBM: ρ = 0.660, p < 0.001; LGG: ρ = 0.714, p < 0.001) (Table 2), demonstrating the pivotal role played by MS4A6A in HAVCR2-modulated T-cell exhaustion.


Table 2 | Correlation analysis between MS4A6A expression and related markers of immune cells using data in TIMER database.





MS4A6A correlates with macrophage infiltration validated by scRNA-seq

To better illustrate the role played by MS4A6A in immune infiltration in the GIME, scRNA-seq analysis was performed. First, based on the six datasets (GSE102130, GSE103224, GSE138794, GSE89567, GSE131928_Smart-seq2, and GSE131928_10X) from the TISCH database, we found MS4A6A to be exclusively expressed in the monocyte/macrophage cluster (Figures S9A–G). For further analysis of the main macrophage subpopulations in which MS4A6A is involved, 10 scRNA-seq glioma samples were introduced (Figure S10A). A total of 16,158 cells were separated into 16 main clusters by UMAP for nonlinear dimension reduction on the top 10 principal components from PCA (Figures S10B, C), with a parameter resolution of 0.10 (Figure S10D). Table S12 demonstrates the profiles of DEGs between each cluster. Sixteen clusters of cells were identified, namely astrocyte, oligodendrocyte precursor cell, neuron, radial glial cell (RGC), bone marrow-derived M2b macrophage (BMDM M2b), oligodendrocyte cell, bone marrow-derived M2c macrophage (BMDM M2c), oligodendroglioma stem cell, cancer-associated fibroblast (CAF), MHClo meningeal border-associated macrophage (MHClo meningeal BAM), microglia, neoplastic cell (mesenchymal), cancer stem cell (proneural), glial cell, Schwann cell, and endothelial cell (Figure 6A), based on markers retrieved from the CellMarker database and previous findings (13, 14, 28–34). These results confirm that a resolution of 0.10 is biologically valid. The expression profiles of the corresponding markers in all cell clusters are displayed in Table S13 and visualized in Figure 6B. We subsequently analyzed the expression level of MS4A6A in the divided clusters, showing that MS4A6A is mainly expressed in macrophages, including BMDM M2b, BMDM M2c, and MHClo meningeal BAMs (Figure 6B). The three clusters are differentiated cells that have been confirmed to be immunosuppressive cells in the glioma microenvironment (35, 36). We visualized the correlation of MS4A6A/CD68 and MS4A6A/CD163 expression using the blend function of the Seurat R package, which confirmed the expression feature of MS4A6A to be quite dominant in macrophages (Figure 6C). Representative IF staining images for CD68/MS4A6A and CD163/MS4A6A confirmed these coexpression and colocalization features in macrophages (Figure 6D).




Figure 6 | Single-cell RNA-seq analysis and immunofluorescent (IF) staining.UMAP plot mapping assigned cell types across glioma samples (N = 10). Each cell type is defined by a specific color (A). Dot plot of gene expression of marker genes selected in each subcluster. Rows depict cell types, and columns describe signatures (B). UMAP plots illustrate the coexpression patterns of MS4A6A, CD68, and CD163 (C) in scRNA-seq samples. Representative immunofluorescent lf staining images reveal colocalization of MS4A6A/CD68 and MS4A6A/CD163 in glioma tissues. Scale bar, 20 μm (D). Abbreviations: BMDM: bone marrow-derived macrophages; BAM: border-associated macrophages.





Correlation between MS4A6A expression and the cancer somatic genome

Recently, many studies have revealed that cancers with an elevated tumor burden mutation (TMB) may show an increased treatment response to anticancer immunotherapeutic strategies (37, 38). Admittedly, MS4A6A expression values and TMB values increase with glioma WHO grade; however, there is no direct research on the relationship of both factors to date. Hence, we made efforts to detect inherent relationships between TMB and MS4A6A expression. As a result, patients with higher MS4A6A expression had significantly increased TMB values that samples with lower MS4A6A expression (Wilcoxon test, p < 0.001, Figure 7A) and TMB showed a positive correlation with MS4A6A expression (ρ = 0.34, p < 2.2e-16, Figure 7B). Then, the R package Survminer was selected to acquire the optimal threshold value of TMB to group glioma cases. In terms of the identified interactions of TMB with MS4A6A expression, the synergistic effects of both factors on glioma outcomes were assessed. Based on OS stratification analysis, MS4A6A expression remained an independent prognostic predictor of glioma even when TMB values interfered with (log rank test, p < 0.001, Figure 7C). These findings demonstrate that MS4A6A might serve as a predictor to select gliomas responsive to antitumor immunotherapy. Further analysis identified the correlation of MS4A6A and immunotherapy-associated signatures, such as immune checkpoint-CD274 (PD-L1), T-cell markers CD3D and CD3E, markers of cytotoxic T lymphocyte (CTL) activation (GZMA and GZMB), and major histocompatibility complex class II (MHC) molecules, such as HLA-DRA and HLA-DRB5 (39–41) (Figures 7D, E). The purpose of anticancer immunotherapy is to promote the activity of CTLs within tumors for the development and establishment of an efficient and durable antitumor immune response (42), and recent research demonstrates that PD-L1 expression and MHC II positivity can predict a favorable outcome when PD-1 blockade is applied (40). The positive correlation of the above markers indicates that MS4A6A expression may be an indicator for immunotherapy. In addition, analysis was conducted on the landscape of somatic alterations between the MS4A6A expression groups using the R package maftools. Genes with the top 20 highest variations in the high MS4A6A expression group and low MS4A6A expression group were detected, as displayed in Figures 8A, B, respectively. We noticed that TP53 and IDH showed the highest mutation rate in the high MS4A6A expression group (46%, Figure 8A), with IDH having the highest mutation frequency in the low MS4A6A expression group (80%, Figure 8B). In addition, 17 molecules were differentially altered between the MS4A6A subgroups based on Fisher’s exact test (Figure 8C and Table S14). Among them, IDH and IDH2 were significantly enriched in the low MS4A6A expression group and PTEN and EGFR in the high MS4A6A expression group (Figure 8C). Oncogenic genes are typically symbiotic or demonstrate strong exclusivity in their mutation patterns. We found that IDH1 exhibited a mutually exclusive mutation pattern with that of PTEN and EGFR and concurrent mutant feature with IDH2 mutation, which might help to explain why patients with higher MS4A6A expression had unfavorable outcomes (Figure 8D).




Figure 7 | Correlation between the MS4A6A and immunotherapy-related markers.There were TMB differences after grouped by MS4A6A expression (A). Dotplot of correlation of MS4A6A expression with TMB values (B). Kaplan–Meier plot of gliomas OS in the TCGA set stratified by TMB and MS4A6A (C). Box plots of expression features of T cell-inflamed markers between MS4A6A subgroups (D). Corplot of correlation of MS4A6A expression with T cell-inflamed signatures (E) (**p < 0.01; ****p < 0.0001).






Figure 8 | Correlation between the TIMEscore and somatic variants.The oncoPrint plots of gene mutant frequency in high (A) and low (B) MS4A6A expression group. Forest plot of differentially mutated genes after divided by MS4A6A (C). Corplot of mutually exclusive or co-occurring genes, tested by pairwise Fisher’s exact test (D) (*p < 0.05; **p < 0.01; ***p < 0.001).






Discussion

In our research, based on comprehensive examination and identification, aging-related MS4A6A is not only able to accurately predict an unfavorable prognosis of glioma but is also associated with malignant features, such as IDH status, 1p19q status, and WHO grade. Additionally, the functions of DEGs were systemically explored, and IL-17 and Toll-like receptor (TLR) signaling pathways were associated with high MS4A6A expression. Additionally, the PPI network demonstrated that CD33, ABCA7, and CD163 might interact with MS4A6A, which may explain why MS4A6A participates in the induction of macrophage infiltration and influences the outcomes of immunotherapy.

Overall, analysis of epigenetic modifications has provided exceptional insight into the tumorigenesis and pathology of brain tumors (43, 44). In methylation analysis, we found lower methylation of MS4A6A in glioma tissues, and this decreased tendency correlated negatively with WHO grade. Importantly, MS4A6A-associated methylation sites (cg20284999, cg24026212, cg06881914, cg04353769, cg00673646, cg03055440, and cg03055440) correlated negatively with expression of the gene. DNA methyltransferases DNMT3B, DNMT3A, and DNMT1 were comparatively overexpressed in the MS4A6A high expression subgroup, which might be the reason for MS4A6A hypomethylation in glioma tissues, leading to insight into upregulated mechanisms of MS4A6A in glioma. Moreover, integrated research of CGGA1 data revealed that MS4A6A expression can independently act as a prognosis-predicting biomarker for glioma, whereby patients with higher MS4A6A expression have poorer outcomes. The above findings were validated in CGGA2, TCGA, Gravendeel, and Rembrandt glioma cohorts. Furthermore, ROC analysis revealed AUC values of approximately 0.70 for 1-, 3-, and 5-year OS, highlighting the strong potential of MS4A6A in clinical assessment of OS. By analyzing interactions of MS4A6A expression with clinicopathological features, we confirmed that the potential marker is markedly downregulated in patients with 1p19q codeletion, IDH mutant status, or WHO grade II/III and upregulated in those aged > 43. These findings show the high possibility of applying MS4A6A expression to stratify glioma clinical and pathological characteristics.

1p19q codeletion has been considered a marker for response to adjuvant chemotherapy and a powerful prognostic predictive marker for LGG (45–47), which might explain why the patients in our research with 1p19q codeletion and lower MS4A6A expression had favorable outcomes after receiving chemotherapy. Regarding IDH mutation, a strong prognosis-predicting and therapeutic response assessment indicator of gliomas (48), our findings revealed a higher mutation frequency in the low MS4A6A expression group, with exclusive mutant features with PTEN and EGFR alterations, which have been identified as crucial changes in glioma genesis and progression (49, 50). Recent research has revealed lower overall levels of TILs in IDH-mutant gliomas than in IDH wild-type gliomas, with decreases in macrophages, T cells, B cells, and dendritic cells (51), consistent with our findings presented in Figure 5D and Figures S5A–C.

Exploration of the functions of MS4A6A was conducted through GO and KEGG analyses. We identified that MS4A6A might be involved in immune-related biological processes such as antigen processing and presentation and pathways such as the IL-17 signaling pathway and TLR signaling pathway. IL-17 might be involved in anticancer immunosuppression by enhancing the immunosuppressive effect of mesenchymal stem cells (MSCs) (52). IL-17 can also mediate specific γδ T-cell subset recruitment, which promotes immunosuppressive myeloid populations, enhancing cancer progression (53). In addition, IL-17 can promote the proliferation and migration of glioma cells by activating the PI3K/Akt1/NF-κB-p65 pathway (54). Myeloid cells secrete TLRs and produce high levels of immunosuppressive molecules, such as TGF-β, IL-10, and COX-2, to suppress cytotoxic T lymphocyte (CTL) activity (55, 56). The findings above show that MS4A6A overexpression might act as a factor in GIME remodeling, leading to immunosuppression. To gain insight into the immune-related processes of MS4A6A independent of glioma WHO grade, enrichment analysis of MS4A6A in LGG and GBM was conducted separately; in both glioma subgroups, immune-associated processes, such as myeloid leukocyte activation, were enriched in the MS4A6A high expression group. These findings demonstrate that elevated MS4A6A expression might exert a critical role in modulating the antitumor immune response, independent of glioma WHO grade. To explore the protein level of MS4A6A, the PPI network revealed that MS4A6A might interact with the macrophage-related protein CD163 and the glioma progression-related marker fibrinogen-like protein 2 (FGL2). FGL2 upregulation in glioma has been validated as an immune suppressor and is involved in malignant progression (57). CD163 is a classic and distinctive biomarker for macrophage infiltration and is involved in glioma progression and poor survival (58). Furthermore, functional annotation of MS4A6A-related genes using GSEA confirmed the tight correlation of MS4A6A with the innate immune response. Using infiltrative data of immune cells from the TIMER, ESTIMATE, and CIBERSORT algorithms and scRNA-seq analysis, we found that MS4A6A expression is related to macrophage infiltration, including polarized BMDM M2b, BMDM M2c, and MHClo meningeal BAMs. M2b (Th2 cell activation and immunoregulation) and M2c (immunoregulation, matrix deposition, and tissue remodeling) macrophages are two distinct subsets of alternative macrophage activation (59). Accumulating evidence shows that the tumor microenvironment is complicated and sophisticated, consisting of various cell types roughly divided into malignant and nonmalignant cells and influencing carcinogenesis, tumor growth, and response to clinical interventions (39). A considerable percentage of nonneoplastic cells are TAMs, creating a supporting stromal environment essential for tumor cell growth and invasion (59, 60) by releasing a great variety of chemokines and cytokines, such as TGF-β (transforming growth factor-β), MMP-2 (matrix metalloproteinase-2), and VEGF (vascular endothelial growth factor). Thus, by promoting malignant behaviors, high TAM infiltration results in unfavorable outcomes in glioma, which might be the reason why MS4A6A negatively influences patient prognosis.

Overall, the immune system acts as a modulator of the balance between activation, tolerance, and exhaustion of T cells and tumor pathology by a variety of molecules of coinhibition and costimulation, which are referred to as immune checkpoints (61, 62), such as PD-1 and PD-L1, the dysregulation of which may contribute to evasion of anticancer T-cell immunity (63). Moreover, studies have revealed that blocking this PD-1/PD-L1 signal leads to durable responses and prolonged survival of various tumors (64–66). To gain deep insight into whether stratification based on MS4A6A expression impacts the glioma response to immunotherapy, we first explored and validated the high degree of correlation between MS4A6A and checkpoints at the transcriptome level. Further investigation confirmed a tendency toward a higher TMB in the high MS4A6A expression group. Our findings demonstrate that MS4A6A expression may act as an indicator to assess patients who may benefit from anticancer immunotherapy.



Conclusion

In summary, great efforts have been made to explore the biology of MS4A6A in glioma. We comprehensively analyzed mechanisms of MS4A6A dysregulation in glioma, highlighting its negative influence on clinical outcomes and further illustrating the differences in macrophage infiltration in association with MS4A6A expression. Our findings show that the features of the inflammatory microenvironment and expression of immune checkpoints might differ based on the MS4A6A expression level and may be relevant to the formulation and conduction of clinical trials to investigate the therapeutic value of MS4A6A in glioma.
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Objective

Aging is a complex biological process and a major risk factor for cancer development. This study was conducted to develop a novel aging-based molecular classification and score system in clear cell renal cell carcinoma (ccRCC).



Methods

Integrative analysis of aging-associated genes was performed among ccRCC patients in the TCGA and E-MTAB-1980 cohorts. In accordance with the transcriptional expression matrix of 173 prognostic aging-associated genes, aging phenotypes were clustered with the consensus clustering approach. The agingScore was generated to quantify aging phenotypes with principal component analysis. Tumor-infiltrating immune cells and the cancer immunity cycle were quantified with the ssGSEA approach. Immunotherapy response was estimated through the TIDE algorithm, and a series of tumor immunogenicity indicators were computed. Drug sensitivity analysis was separately conducted based on the GDSC, CTRP, and PRISM analyses.



Results

Three aging phenotypes were established for ccRCC, with diverse prognosis, clinical features, immune cell infiltration, tumor immunogenicity, immunotherapeutic response, and sensitivity to targeted drugs. The agingScore was developed, which enabled to reliably and independently predict ccRCC prognosis. Low agingScore patients presented more undesirable survival outcomes. Several small molecular compounds and three therapeutic targets, namely, CYP11A1, SAA1, and GRIK4, were determined for the low agingScore patients. Additionally, the high agingScore patients were more likely to respond to immunotherapy.



Conclusion

Overall, our findings introduced an aging-based molecular classification and agingScore system into the risk stratification and treatment decision-making in ccRCC.
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Introduction

Renal cell carcinoma (RCC) affects more than 400,000 people in the world annually (1). The age of diagnosis is around 60, and men are diagnosed twice as often as women (2). RCC has a few histological subtypes, with around 70% of individuals diagnosed with clear cell renal cell carcinoma (ccRCC) (1). Although ccRCC can be detected early and successfully treated with surgery or ablation regimens, over one-third of cases develop or progress to metastatic disease that is almost uniformly lethal (3). ccRCC is highly immune infiltrated, but there is extensive immune heterogeneity within and between patients (4). Immune checkpoint blockade (ICB) and combined strategies have favorably prolonged the survival of ccRCC patients (5–7). Tumor-infiltrating cells enable to influence the balance of antitumor immune response and immune escape in ccRCC, and T-cell exhaustion within the tumor microenvironment (TME) is responsible for the low response rate of ICB (4). Patients who respond to ICB present remarkable enrichment of tissue-resident T-cell populations, with enrichment of tumor-associated macrophages in resistant patients (4). Nevertheless, predicting which patients will respond to ICB remains a fundamental issue. Additionally, the drivers and resistors of ICB responses are still not fully elucidated.

Cancer is regarded as an aging-related degenerative malignancy, and aging is an independent risk factor of cancer (8). The mechanisms by which aging results in cancer progression remain being explored. Many aging-related cellular events (genomic instability, inflammatory response, immunity, etc.) are hallmarks of cancer (9). Despite the widespread study of the aging microenvironment in cancers, few studies focused on the overall characteristics of the transcriptional landscape of aging-associated genes in ccRCC. Previously, several aging-associated genes have been determined to be linked to unfavorable survival outcomes of RCC (9). Additionally, experimental evidence demonstrates that aging-associated genes participate in RCC progression. The molecular characteristics that reflect ccRCC ontogeny and development are being increasingly defined. Herein, on the basis of molecular and clinical information of ccRCC patients, we comprehensively evaluated aging phenotypes and their interactions with the tumor immune landscape. Three different aging phenotypes were characterized, which presented different prognosis and immunologic mechanisms, demonstrating the critical role of the aging process in remodeling tumor immune landscape in ccRCC individuals. Thereafter, aging phenotypes were individually quantified via generating the agingScore. Altogether, our findings might assist risk stratification and guide treatment decision-making for ccRCC.



Materials and methods


Publicly available datasets and processing

For the discovery cohort, RNA sequencing (RNA-seq) data of The Cancer Genome Atlas-kidney renal clear cell carcinoma (TCGA-KIRC) cohort (n = 529) were obtained via the UCSC Xena project (https://xenabrowser.net/datapages/). For the verification cohorts, RNA-seq profiles of the TCGA-kidney renal papillary cell carcinoma (TCGA-KIRP) (n = 286) were also obtained from the UCSC Xena Portal, while the microarray data of the E-MTAB-1980 cohort (n = 240) were downloaded from the ArrayExpress database (https://www.ebi.ac.uk/arrayexpress/) (10). RNA-seq data were further transformed to log2 (TPM+1), which had higher similarity with microarray profiling and higher comparability between samples. The corresponding clinical information was collected from the UCSC and ArrayExpress databases (Supplementary Table 1). The microarray data were adjusted for background and normalized by quantile utilizing the robust multiarray average (RMA) approach from the affy package (11). For the TCGA-KIRC project, the somatic mutational data as well as the copy number alteration (CNA) data were acquired from the TCGA portal (https://portal.gdc.cancer.gov/). Figure 1 depicts the work procedure of this study. We collected 307 aging-associated genes from the Human Ageing Genomic Resources (HAGR; https://genomics.senescence.info/), which is a collection of online resources for exploring the biology of human aging (12).




Figure 1 | The workflow of our study.





Establishment of aging phenotypes

The optimum number of clusters was determined in the TCGA-KIRC cohort via the ConsensusClusterPlus package based on the expression profiling of prognostic aging-associated genes generated from the univariate Cox regression models (13). Eighty percent of the samples were subsampled in each iteration, and each subsample was divided into at most k (maximum k value = 9) groups via the k-means algorithm through the Euclidean distance. This analysis was repeated 1,000 times. Thereafter, the perfect clustering result was determined by considering consistent cumulative distribution function (CDF) graphs. Afterward, the results were illustrated as consensus matrix heatmaps generated by the heatmap package. The reproducibility of the clusters was evaluated in the E-MTAB-1980 cohort.



Functional and pathway enrichment analysis

The single-sample gene set enrichment analysis (ssGSEA) algorithm from the gene set variation analysis (GSVA) software (14) was implemented to ascertain the hallmark pathways and evaluate the differences in biological significance among aging phenotypes. The hallmark gene set was collected from the Molecular Signatures Database (MSigDB) to run the GSVA. Through the clusterProfiler package (15), functional annotation of aging phenotype-associated genes was carried out. P <0.05 was regarded as significant enrichment in Gene Ontology and Kyoto Encyclopedia of Genes and Genomes (KEGG). The known pathways were acquired, consisting of epithelial–mesenchymal transition (EMT1, 2, 3), immune checkpoint, antigen processing machinery, CD8+ T effector signature, angiogenesis signature, and pan-fibroblast TGFβ response signature (pan-FTBRS) (16–18). The activities of the above biological processes were computed via the ssGSEA approach.



Generation of tumor-infiltrating immune cells

Through the ssGSEA, the infiltrations of 28 immune cell types were quantified in accordance with the 782 metagenes utilizing the GSVA package (14). Tumor purity as well as stromal and immune scores was computed via the ESTIMATE package with default parameters (19).



Cancer immunity cycle

The cancer immunity cycle can reflect the anti-tumor immune response and comprises seven steps, as previously described (20). The activities of the above steps were quantified via the ssGSEA approach.



Immunotherapy response

Through the tumor immune dysfunction and exclusion (TIDE) algorithm, the response to immunotherapy was predicted in accordance with the tumor immune escape mechanisms: inducing T-cell dysfunction within tumors with enhanced infiltrations of cytotoxic T lymphocytes (CTLs) as well as preventing the infiltrations of T cells within tumors with reduced CTLs [21]. The expression similarity between phenotypes and the patients who differently responded to immunotherapy was evaluated with the Subclass Mapping (SubMap) approach that employed the GSEA algorithm to infer the commonality between groups (21). P <0.05 suggested a significant similarity between groups.



Drug sensitivity analysis

Through the pRRophetic package (22), a ridge regression analysis was conducted in accordance with the Genomics of Drug Sensitivity in Cancer (GDSC) cell line expression data (23). The half maximal inhibitory concentration (IC50) value was estimated to reflect the sensitivity to agents. The expression profiling and somatic mutational data of human cancer cell lines (CCLs) were retrieved from the Cancer Cell Line Encyclopedia (CCLE) database (https://portals.broadinstitute.org/ccle/) (24). CERES scores can be utilized for measuring the dependency of target genes in certain CCLs. A negative score represents that the cell line grows slower when the specific gene is knocked out, and a positive score represents that the cell line grows faster when the specific gene is knocked out. The CERES scores of CRISPR-knockdown screening of over 18,000 genes across over 700 cell lines were acquired from the dependency map (DepMap) database (https://depmap.org/portal/). Drug sensitivity data of CCLs were required from the Cancer Therapeutics Response Portal (CTRP; https://portals.broadinstitute.org/ctrp) containing 481 agents over 835 CCLs as well as from the PRISM project (https://depmap.org/portal/prism/) containing 1,448 agents over 482 CCLs. The two datasets offer the area under the dose–response curve (AUC) measures of drug sensitivity. A lower AUC value indicates a higher sensitivity to an agent. Since the CCLs in the two projects were required from the CCLE project, expression profiling in CCLE was utilized for further CTRP and PRISM analysis.



Analysis of single-nucleotide polymorphisms and CNAs

The maftools package was applied for analyzing somatic variants, and overall mutation status was illustrated across three phenotypes (25). Through the GISTIC (version 2.0) software, the amplified and deleted CNAs in the tumor were quantified with the input of ‘‘SNP6” files (26).



Evaluation of tumor immunogenicity indicators

Immune checkpoints with therapeutic potential were collected from the study of Auslander et al. (27). Single nucleotide variation (SNV) neoantigens were calculated via NetMHCpan (version 3.0) (28) in accordance with human leukocyte antigen (HLA) types required from RNA-seq utilizing OptiType (version 1.2) (29). Tumor mutation burden (TMB) was quantified following the total count of non-synonymous mutations (30). Homologous recombination defects score was computed through three DNA-based genomic instability: large (>15 Mb) non-arm-level regions with loss of heterozygosity, telomeric allelic instability, and large-scale state conversion with breaks between adjacent segments >10 Mb (31). Intratumor heterogeneity and cancer/testis antigens (CTAs) were also involved.



Analysis of aging phenotype-associated genes

The limma package was applied for determining the differentially expressed genes (DEGs) between phenotypes (32). The threshold was set as adjusted P <0.05 as well as at least 1.5-fold changes in expression. The Venn plot directly depicted the number of DEGs among phenotypes.



Generation of the aging gene signature

For quantifying the aging phenotypes of individual patients, a scoring system was generated for assessing all individuals, named as agingScore. Univariate Cox regression analysis was conducted to determine the prognostic implication of DEGs. The DEGs with P <0.05 were utilized to compute the agingScore via the PCA algorithm. The principal components (PCs) PC1 and PC2 acted as the scoring system (33, 34). The formula of the agingScore was as follows:   where i and j indicate the ranking and the total number of the prognostic DEGs, respectively. The advantage of this approach is to focus the score on the set with the largest well-related (or anti-correlated) genes in the set while reducing the contribution of genes that are not tracked with other set members.



Analysis of post-transcriptional features correlated to agingScore

In the TCGA-KIRC cohort, differentially expressed miRNAs or mRNAs were screened between high and low agingScore groups in accordance with FDR <0.05 and at least 1.5-fold changes. The targeted mRNAs were then predicted through the miRbase database (http://www.mirbase.org/) (35). Analysis of KEGG pathways enriched by the miRNA-targeted mRNAs was carried out.



Statistical analysis

The dissimilarity of the clusters was verified through principal component analysis (PCA). Student’s t-test or the Wilcoxon rank sum test was applied to evaluate the difference between two groups, while one-way analysis of variance or the Kruskal–Wallis test was implemented to estimate the difference between three groups. The Benjamini–Hochberg approach was implemented to correct multiple tests. Kaplan–Meier analysis was implemented to compare the overall survival (OS), disease-free survival (DFS), disease-specific survival (DSS), and progression-free survival (PFS) between groups utilizing survival and survminer packages. The difference in OS was computed with the log-rank test. The receiver operating characteristic (ROC) curves of OS, DFS, DSS, and PFS were conducted and the AUC values were calculated with the survivalROC package. Univariate Cox regression analysis was implemented to identify the significant associations of agingScore and clinical features with OS, DFS, DSS, and PFS. Hazard ratio (HR), 95% confidence interval (CI), and the P-value of each variable were separately computed. Multivariable Cox regression analysis was utilized to assess whether agingScore was independent of other clinical features. In accordance with the multivariate Cox regression results, a nomogram was generated to provide a visualized risk prediction after each factor was assigned a score via the rms package. The time-dependent concordance index (C-index) was computed with the pec package. A calibration diagram was drawn to estimate the calibration capacity of the nomogram. Correlation analysis was implemented with Pearson’s or Spearman’s correlation test. All statistical P-values were two-sided, with P <0.05 as statistically significant. All analyses were conducted with the R software (version 4.0.2).




Results


The landscape of prognosis and clinical features of the three aging phenotypes in ccRCC

Among 307 aging-associated genes, univariate Cox regression determined 173 genes significantly linked to clinical outcomes among 529 ccRCC patients in the TCGA-KIRC cohort (Supplementary Table 2), which were included for consensus clustering analysis. Through applying the ConsensusClusterPlus approach, three aging phenotypes were achieved, termed as C1, C2, and C3 in accordance with the selection of k = 3 as the optimal k value (Figures 2A–D). Thereafter, PCA affirmed the remarkable difference among the three phenotypes (Figure 2E). Patients with the C3 phenotype presented the best OS outcomes, followed by C1 and C2 (Figure 2F). Figure 2G illustrates the distribution of clinical features among the three phenotypes. Because the E-MTAB-1980 cohort possessed relatively complete prognostic information as well as a large sample size, it was employed for validating the repeatability of this classification. Similarly, consensus clustering analysis was implemented on the cohort, and the three different aging phenotypes were clearly clustered (Supplementary Figures 1A–E). The remarkable difference in OS outcomes was noted among the phenotypes (Supplementary Figure 1F), affirming the reliability of this classification for ccRCC.




Figure 2 | The landscape of prognosis and clinical features of the three aging phenotypes in The Cancer Genome Atlas-kidney renal clear cell carcinoma (TCGA-KIRC) cohort. (A) The cumulative distribution functions (CDFs) of the consensus matrix for k = 2~9 marked by colors. (B) Relative alterations in area under the CDFs for k = 2~9. (C) Tracking plot for the classification of the TCGA-KIRC dataset into diverse subtypes for k = 2~9. (D) Classification of the TCGA-KIRC cohort into three clusters when k = 3. (E) PCA of the RNA expression profiling of prognostic aging-associated genes. (F) Kaplan–Meier analysis for overall analysis (OS) among the three phenotypes. (G) Pie plots of the distribution of clinical features across the three phenotypes.





The immune landscape of the three aging phenotypes

To uncover the molecular mechanisms underlying the aging phenotypes, we focused on the TCGA-KIRC dataset that had relatively complete omics data and clinical characteristics. The activity status of the hallmark pathways was firstly computed across the three aging phenotypes. In Figure 3A, oxidative phosphorylation, peroxisome, reactive oxygen species pathway, and DNA repair presented relatively high activities in the C1 phenotype; the C2 phenotype had relatively high activities of immune pathways (IL2–STAT5 signaling, inflammatory response, complement, etc.) as well as stromal pathways (WNT beta-catenin signaling, angiogenesis, etc.); and the C3 phenotype presented features of activation of metabolism pathways (fatty acid metabolism, bile acid metabolism, etc.). Extrinsic immune evasion mechanisms were evaluated in accordance with the absence of leukocytes as well as the presence of immunosuppressive cell populations. As illustrated in Figure 3B, the C1 phenotype presented deficient immune cell infiltrations and immune-mediated elimination, which can be characterized as the immune-deserted type; the C2 phenotype was recognized as the immune-excluded type which had relatively high stromal score and infiltrations of immunosuppressive cells [type 1 helper cells, type 2 helper cells, regulatory T cells, myeloid-derived suppressor cells (MDSCs), T follicular helper cells, etc.]; and the C3 phenotype was recognized as immune-inflamed characterized by the immune-active cells (CD4+ T cells, CD8+ T cells, etc.). Therefore, we speculated that the C1 and C3 phenotypes probably reflected the deficiency of recruitment or activation of innate immune cell populations, thereby triggering the failure of adaptive antitumor immune responses. Moreover, the C2 phenotype had a higher expression of co-stimulatory and co-inhibitory immune checkpoint molecules in comparison to the other phenotypes (Figure 3C), indicating that the C2 phenotype might upregulate the immune checkpoint molecules to escape the immune elimination following immune activation. Through the ESTIMATE approach, we estimated the overall levels of immune and stromal cells as well as tumor purity. Not surprisingly, the C2 phenotype presented higher immune and stromal scores as well as lower tumor purity compared with the other phenotypes (Figures 3D–F).




Figure 3 | Immune landscape and antitumor immune responses of the three aging phenotypes in the TCGA-KIRC cohort. (A) Heatmap depicting the activities of hallmark pathways across the three aging phenotypes. Activated and inhibited hallmark pathways are colored by red and cyan, respectively. (B) Heatmap of the relative abundance of tumor-infiltrating immune cell populations across the three aging phenotypes. The high and low enrichment levels are colored red and cyan, respectively. (C) Heatmap of the RNA expression of immune checkpoint molecules across the three aging phenotypes. The high and low expression levels of immune checkpoints are marked by red and cyan, respectively. (D–F) Box plots of the differences in (D) immune and (E) stromal scores as well as (F) tumor purity across the three aging phenotypes. (G) Heatmap of the activation states of the seven steps within the cancer immunity cycle across the three aging phenotypes. Activated and inhibited steps are colored red and cyan, respectively. (H) Heatmap of the activities of known biological processes across the three aging phenotypes. Activated or inactivated processes are colored red or cyan. (I) Prediction of the response to anti-PD-1 and anti-CTLAL4 among the three aging phenotypes. R, response; noR, non-response. (J) Distribution of the three aging phenotypes across known immune subtypes. (K) Kaplan–Meier analysis for OS of the TCGA-KIRC cohort stratified by immune subtypes. (L) Kaplan–Meier analysis for OS of the TCGA-KIRC cohort stratified by immune subtypes and aging phenotypes. Ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Antitumor immune responses of the three aging phenotypes

The activities of the cancer immunity cycle were computed to reflect antitumor immune responses. In Figure 3G, most steps within the cancer immunity cycle showed higher activity status in the C2 phenotype in comparison to the other phenotypes. It was also noted that the C2 phenotype was characterized by stromal activation (EMT, pan-F-TBRS, etc.) as well as cell cycle progression (cell cycle, DNA replication, etc.), as illustrated in Figure 3H. It was predicted that the C2 phenotype responded to anti-CTAL4 therapy (Figure 3I). A previous study has defined six major immune subtypes (ISs) across pan-cancer in TCGA: IS1 (wound healing), IS2 (IFN-γ dominant), IS3 (inflammatory), IS4 (lymphocyte depleted), IS5 (immunologically quiet), and IS6 (TGF-β dominant) (36). We sought to comprehend the interaction of aging phenotypes with immune subtypes. Overall, the IS1, IS2, and IS6 subtypes tended to have more C1 and C2 aging phenotypes, with more C3 aging phenotype in the IS3 and IS4 subtypes (Figure 3J). Among five immune subtypes, ccRCC patients in the IS3 subtype presented the best OS outcomes, with the worst outcomes for those in the IS1 subtype (Figure 3K). Interestingly, the C3 patients were significantly enriched in the IS3 subtype (16.84% in C1, 17.37% in C2, 65.79% in C3). Although both C3 and IS3 showed a favorable prognosis, nearly 34% of IS3 patients had C1 and C2 phenotypes, which resulted in a poor prognosis. Thus, we explored whether aging-related clusters could further categorize patients into distinct survival groups. By performing a log-rank test, IS3 belonging to the C3 phenotype showed a more favorable prognosis compared to the other phenotypes (Figure 3L). These results indicated that aging-related genes could provide an additional characterization from a preexisting molecular classification of ccRCC.



Sensitivity to known targeted drugs of the three aging phenotypes

Considering that targeted treatment remains the preferred therapeutic regimen against advanced RCC, the sensitivity to axitinib, pazopanib, sorafenib, and sunitinib across the three aging phenotypes was assessed on the basis of the GDSC cell line expression data. The C2 phenotype presented higher sensitivity to axitinib (Figure 4A) and pazopanib (Figure 4B), the C3 phenotype was more sensitive to sorafenib (Figure 4C), and the C1 phenotype had higher sensitivity to sunitinib (Figure 4D).




Figure 4 | Sensitivity to known targeted drugs, genomic alterations, and intrinsic immune evasion mechanisms of the three aging phenotypes in the TCGA-KIRC cohort. (A–D) Box plots of the differences in sensitivity to (A) axitinib, (B) pazopanib, (C) sorafenib, and (D) sunitinib across the three aging phenotypes. (E) Waterfall plot of tumor somatic mutation across the three aging phenotypes. The top bar plot shows TMB. Each column represents an individual patient. Numbers and bar graphs depict the mutational frequencies as well as the proportions of mutation types. (F) Somatic copy number alterations across the three aging phenotypes. The y-axis indicates the chromosome positions, while the x-axis depicts the focal deletion or amplification identified by a horizontal blue or red bar. The green line indicates the significance threshold of FDR <0.25. (G–K) Box plots of the differences in (G) TMB score, (H) intratumor heterogeneity, (I) homologous recombination defects, (J) SNV neoantigens, and (K) CTA score across the three aging phenotypes. Ns, no significance; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.





Genomic alterations of the three aging phenotypes

The somatic mutation landscape was determined in the TCGA-KIRC cohort. Among the three aging phenotypes, VHL (48%) and PBRM1 (41%) were the most frequent mutated genes (Figure 4E). Additionally, the mutated genes were evenly distributed across the three aging phenotypes. Further analysis was conducted to delineate the significant focal copy number alterations via GISTIC 2.0. Figure 4F illustrates the distinct focal amplifications and deletions of CNVs in each phenotype. In comparison to the C1 phenotype, a higher TMB score was investigated in the C2 phenotype (Figure 4G). The diverse genomic alteration preferences across the three phenotypes might result in distinct ccRCC progression.



Intrinsic immune evasion mechanisms of the three aging phenotypes

The intrinsic immune evasion mechanisms underlying the three aging phenotypes were evaluated in accordance with a series of indicators associated with tumor immunogenicity. The C3 phenotype had a higher intratumor heterogeneity compared with the C1 and C2 phenotypes (Figure 4H). Genomic instability was evaluated according to homologous recombination defects. The C2 phenotype presented higher homologous recombination defects in comparison to the other phenotypes (Figure 4I). In contrast to the C1 phenotype, increased SNV neoantigens were investigated in the C2 and C3 phenotypes (Figure 4J). Moreover, the C3 phenotype had a lower overall expression of CTAs in comparison to the C1 and C2 phenotypes (Figure 4K). Overall, the above elements associated with tumor immunogenicity had remarkable differences in the three aging phenotypes.



Identification of aging phenotype-associated genes and generation of an agingScore system for ccRCC

In total, 450 aging phenotype-associated genes were identified by comparing the differential expression between aging phenotypes (Figure 5A; Supplementary Table 3). Further analysis demonstrated their roles in vessel morphogenesis and development, extracellular components, and signaling receptor binding (Figures 5B–D). Additionally, these aging phenotype-associated genes were involved in mediating tumorigenic pathways (ECM–receptor interaction, PI3K–Akt signaling pathway, proteoglycans in cancer, Rap1 signaling pathway, etc.; Figure 5E). As illustrated in Figure 5F, there was widespread heterogeneity in the aging phenotype-associated genes among the three aging phenotypes. Univariate Cox regression determined 261 prognostic aging phenotype-associated genes in the TCGA-KIRC cohort (Supplementary Table 4). With the PCA approach, we computed an agingScore system for ccRCC. The C3 phenotype presented a higher agingScore in comparison to the C1 and C2 phenotypes (Figure 5G). In accordance with the median value of agingScore, we stratified the TCGA-KIRC, E-MTAB-1980, or TCGA-KIRP cohort into high and low agingScore populations. A high agingScore presented more favorable OS outcomes in comparison to a low agingScore in the TCGA-KIRC cohort (Figure 6A), E-MTAB-1980 cohort (Figure 6B), and TCGA-KIRP cohort (Figure 6C). Additionally, in the TCGA-KIRC cohort, a high agingScore was linked to better DFS (Figure 6D), DSS (Figure 6E), and PFS (Figure 6F), affirming the prognostic implication of the agingScore in ccRCC.




Figure 5 | Identification of the aging phenotype-associated genes and generation of an agingScore system for ccRCC. (A) Venn diagram for the aging phenotype-associated genes via comparing the aging phenotypes. (B–D) The major (B) biological processes, (C) cellular components, or (D) molecular components enriched by aging phenotype-associated genes. (E) The major KEGG pathways enriched by aging phenotype-associated genes. (F) Distribution of the expression patterns of the aging phenotype-associated genes and clinical features across the three aging phenotypes. (G) Box plots of the distribution of agingScore among the three aging phenotypes. Ns, no significance; ****P < 0.0001.






Figure 6 | Analysis of the prognostic implication of the agingScore. (A–C) Kaplan–Meier analysis for OS between the high and low agingScore groups in the (A) TCGA-KIRC cohort, (B) E-MTAB-1980 cohort, and (C) TCGA-KIRP cohort. (D–F) Kaplan–Meier analysis for (D) DFS, (E) DSS, and (F) PFS between the high and low agingScore groups in the TCGA-KIRC cohort.





Validation of the predictive performance of the agingScore in ccRCC prognosis

The ROC diagram was drawn to verify the efficacy of this agingScore in predicting ccRCC prognosis. The AUC values of the 1-, 3-, and 5-year OS were 0.77, 0.61, and 0.61 in the TCGA-KIRC cohort and 0.70, 0.76, and 0.73 in the E-MTAB-1980 cohort (Figures 7A, B). Moreover, in the TCGA-KIRC cohort, the AUC values of the 1-, 3-, and 5-year DFS were 0.65, 0.68, and 0.69, respectively (Figure 7C); the AUC values of the 1-, 3-, and 5-year DSS were 0.75, 0.75, and 0.76, respectively (Figure 7D); and the AUC values of the 1-, 3-, and 5-year PFS were 0.69, 0.71, and 0.73, respectively (Figure 7E). Overall, the agingScore was a reliable prognostic indicator of ccRCC. In both the TCGA-KIRC and E-MTAB-1980 cohorts, the agingScore was an independent protective factor of ccRCC patients’ OS (Figures 7F, G). Additionally, the agingScore was independently predictive of ccRCC patients’ DFS, DSS, and PFS (Figures 7H–J).




Figure 7 | Validation of the predictive performance of the agingScore and generation of an agingScore-based nomogram for ccRCC prognosis. (A, B) ROC diagram of the 1-, 3-, and 6-year OS in the TCGA-KIRC cohort and the E-MTAB-1980 cohort. (C–E) ROC curves of the 1-, 3-, and 5-year DFS, DSS, and PFS in the TCGA-KIRC cohort. (F, G) Univariate and multivariate Cox regression models of agingScore as well as clinical features with OS in the TCGA-KIRC and E-MTAB-1980 cohorts. (H–J) Univariate and multivariate Cox regression analyses of agingScore and clinical features with DFS, DSS, and PFS in the TCGA-KIRC cohort. (K) Generation of an agingScore-based nomogram comprised of independent predictive indicators in the TCGA-KIRC cohort. (L) Calibration diagram for the nomogram-estimated and actual 1-, 3-, and 5-year OS in the TCGA-KIRC cohort.





Construction of an agingScore-based nomogram for ccRCC prognosis

To facilitate the clinical application of the agingScore, we conducted a personalized nomogram model. This nomogram for OS prediction was conducted by incorporating the following independent prognostic factors: age, stage, grade, and agingScore. In Figure 7K, the 1-, 3-, and 5-year OS for ccRCC individuals from the TCGA-KIRC cohort can be evaluated by this personalized nomogram model (C-index = 0.782). As illustrated in the calibration diagram, a favorable overlap was found between the nomogram-predicted and the observed 1-, 3-, and 5-year OS of ccRCC patients (Figure 7L). Overall, the nomogram had a good prediction performance in ccRCC prognosis.



Identification of agingScore-related candidate compounds and drug targets

On the basis of the GDSC cell line data, we computed the associations of the AUCs of the GDSC-derived compounds with agingScore. Figure 8A illustrates the agingScore-related GDSC-derived compounds. The above compounds were involved in the tumorigenic pathways (apoptosis regulation, DNA replication, cell cycle, EGFR signaling, etc.; Figure 8B). The AUCs of six CTRP-derived compounds (leptomycin B, CR-1-31B, SR-II-138A, paclitaxel, ouabain, and methotrexate) were positively correlated to agingScore (Figure 8C). The low agingScore group presented lower AUCs of the above compounds in comparison to the high agingScore group, demonstrating that patients with low agingScore were more likely to be sensitive to the above compounds. Additionally, we determined the positive associations of the AUCs of eight PRISM-derived compounds (combretastatin-A-4, cabazitaxel, vincristine, PHA-793887, romidepsin, gemcitabine, dolastatin-10, and YM-155) with agingScore (Figure 8D). Lower AUCs were found in the low agingScore group, indicating higher sensitivity to the above compounds. Through Spearman’s correlation analysis between the CERES score of drug targets and agingScore, 261 targets were screened (P < 0.05, and correlation coefficient > 0.82; Figure 8E). Additionally, Spearman’s correlation analysis of druggable protein expression with agingScore was carried out. As a result, 242 protein targets were determined based on P <0.05 and correlation coefficient ≤0.1 (Figure 8F). Three genes, namely, CYP11A1, SAA1, and GRIK4, were determined as potential therapeutic targets through the above analysis, indicating that suppressing the functions of the above genes in low agingScore individuals could present desirable therapeutic effects. Moreover, CYP11A1 and GRIK4 expression was validated in normal and kidney tissues by immunohistochemistry from the Human Protein Atlas (Figure 8G).




Figure 8 | Identification of agingScore-related candidate compounds and drug targets. (A) Spearman’s correlation analysis of GDSC-derived compounds and agingScore. (B) Mechanisms involving GDSC-derived compounds. (C) Spearman’s correlation analysis of six CTRP-derived compounds and agingScore as well as differential analysis of drug responses between the high and low agingScore groups. (D) Spearman’s correlation analysis of eight PRISM-derived compounds and agingScore as well as differential analysis of drug responses between groups. A lower AUC value implies higher drug sensitivity. ***P < 0.001. (E) Volcano plot of Spearman’s correlation between agingScore and CERES score of drug targets. The red dot represents the significantly positive correlation (P < 0.05, and Spearman’s correlation coefficient>0.82). (F) Volcano plot of Spearman’s correlation between agingScore and protein expression of drug targets. The blue dot indicates a significant negative correlation (P < 0.05, and Spearman’s correlation coefficient ≤ 0.1). (G) Immunohistochemistry of the expression of CYP11A1 and GRIK4 in normal and kidney cancer tissues. Bar, 200 μm.





Association between agingScore and antitumor immune responses

As illustrated in Figure 9A, the low agingScore group presented relatively high infiltrations of immunosuppressive cells (MDSCs, type 1 helper cells, type 2 helper cells, T follicular helper cells, etc.) as well as immune active cells (CD4+ T cells, CD8+ T cells, etc.) in comparison to the high agingScore group, indicating that tumors with high agingScore lacked recruitment or activation of innate immune cell populations. Moreover, the high agingScore group showed a higher expression of most co-stimulatory and co-inhibitory immune checkpoint molecules than the low agingScore group (Figure 9B), indicating that high agingScore might upregulate the immune checkpoint molecules to escape the immune elimination after immune activation. In Figure 9C, agingScore was positively linked with cancer antigen presentation, CD8+ T cell recruiting, NK cell recruiting, infiltration of immune cells into tumors, and killing of cancer cells. Additionally, agingScore was positively linked with stromal activation (EMT, FGFR3-related genes, angiogenesis, and WNT target) and antigen-processing machinery and was negatively linked with cell cycle progression. With the TIDE algorithm, patients who responded to immunotherapy had relatively higher agingScore both in the TCGA-KIRC cohort (Figure 9D) and the E-MTAB-1980 cohort (Figure 9E). Therefore, individuals with high agingScore had a higher probability to respond to immunotherapy.




Figure 9 | Association between agingScore and antitumor immune responses. (A) Landscape of immune cell infiltrations in the high as well as low agingScore groups in the TCGA-KIRC dataset. (B) Distribution of the expression of immune checkpoint molecules in the high and low agingScore groups in the TCGA-KIRC cohort. (C) Association of agingScore with activities of cancer immunity cycle and known biological processes in the TCGA-KIRC dataset. Solid lines represent positive correlations, while dashed lines represent negative correlations. (D) Prediction of response to immunotherapy in the TCGA-KIRC dataset. (E) Validation of the response to immunotherapy in the high and low agingScore groups in the E-MTAB-1980 cohort. *P < 0.05; ****P < 0.0001.





Post-transcriptional features correlated to agingScore

In the TCGA-KIRC cohort, we identified 5 upregulated miRNAs and 55 downregulated miRNAs in the high agingScore group in comparison to the low agingScore group in accordance with FDR <0.05 and at least 1.5-fold changes (Figure 10A). Additionally, 2,921 mRNAs were upregulated and 476 mRNAs were downregulated in the high agingScore group compared with the low agingScore group according to FDR <0.05 and at least 1.5-fold changes (Figure 10B). Thereafter, the targeted differentially expressed mRNAs of the above miRNAs were predicted (Supplementary Table 5), and enrichment analysis of the signaling pathways of their target genes was conducted. The tumorigenic pathways especially were enriched by the miRNA-targeted mRNAs in the high agingScore group, containing pathways in cancer; miRNAs in cancer; FoxO, PI3K-Akt, ErbB, and Notch signaling pathways; focal adhesion; and Th1 and Th2 cell differentiation (Figure 10C). These results indicated that agingScore was related to post-transcriptional mechanisms and tumorigenic pathways.




Figure 10 | Analysis of post-transcriptional features correlated to agingScore in the TCGA-KIRC cohort. (A) Volcano diagram of differentially expressed miRNAs between the high and low agingScore groups. (B) Volcano diagram of differentially expressed RNAs between the high and low agingScore groups. Red represents upregulation, while green represents downregulation. (C) Differences in miRNA-targeted signaling pathways between the high and low agingScore groups. The red dot indicates the high expression of targeted mRNAs in the high agingScore group, while the blue dot indicates the high expression of miRNAs in the low agingScore group.






Discussion

Over the past decade, high-throughput analysis has greatly advanced our understanding of ccRCC biology, allowing us to recapitulate critical events in ccRCC initiation and progression (2). The increase in understanding of the molecular profiles as well as genetic alterations has translated into novel targets or biomarkers, which affect ccRCC decision-making, thereby shedding a novel insight into prolonging patients’ clinical outcomes (1). Considering the unique molecular and clinical features of ccRCC, tailoring specialized management is of importance (36). Our study categorized ccRCC into three clinically and therapeutically relevant subtypes in accordance with the expression profiles of prognostic aging-associated genes (12). Additionally, agingScore was generated and presented a favorable performance in prognostication as well as immunotherapeutic responses. Our findings proposed a precise prognostic prediction approach for ccRCC patients with similar biological patterns with more precise prognostication.

ccRCC is a highly heterogeneous tumor among individual patients, encompassing different malignancies with different pathologic characteristics and molecular pathways, which makes it nearly impossible to determine a therapy that fits all ccRCC cases (4). Intratumor heterogeneity, a common feature of ccRCC, is linked to patterns of metastatic spread and prognosis after surgery, complicating the assessment of prognostic indicators (37). Hence, finding tailored therapeutic regimens for subpopulations is significant for maximizing therapeutic efficiency. In accordance with the expression profiling of 173 prognostic aging-associated genes, 529 ccRCC patients in the TCGA-KIRC cohort were classified into three aging phenotypes, which was affirmed in the E-MTAB-1980 cohort. The successful development of new immunotherapy and immunotherapy-based combination therapy requires an in-depth understanding of ccRCC immunobiology. Many chromosomal alterations are linked to the response or resistance to ICB in advanced ccRCC, and the crosstalk of somatic alterations with immune infiltrations impacts the response to ICB (38). It has been demonstrated that previous genomic correlations of ICB responses in solid tumors (TMB and PD-L1 status, etc.) cannot predict ccRCC, suggesting the important role of the immune microenvironment in modulating clinical benefits (39–41). Most ccRCC presents a moderate TMB, but high infiltration of intratumoral CD8+ T cells is linked to an unfavorable prognosis. Three aging phenotypes were characterized by diverse prognosis, clinical features, immune cell infiltration, tumor immunogenicity, immunotherapeutic response, and sensitivity to targeted drugs (axitinib, pazopanib, sorafenib, and sunitinib), indicating the roles of the aging process in ccRCC progression. Additionally, the interactions of the aging phenotypes with the TME reflected that aging processes seem to mediate immune cell subpopulations in ccRCC tumors.

We generated the agingScore system, which enabled us to reliably and independently predict ccRCC prognosis. Patients with low agingScore presented undesirable prognosis in contrast to those with high agingScore. Recently, Chen et al. defined cellular senescence score for delineating the cellular senescence landscape across pan-cancer, which correlated to genomic and immune features, immunotherapeutic responses, and clinical outcomes (42). The nomogram is a useful and easy-to-use tool used by doctors to predict outcomes, plan personalized therapy, and determine follow-up or imaging intervals (43). Previous research has conducted several nomogram models for ccRCC (44, 45). Regrettably, few nomograms have been applied in clinical practice. Herein, we developed the nomogram to estimate the personalized OS probability of ccRCC subjects, comprising age, stage, grade, and agingScore. Calibration plots confirmed the favorable overlap between this model-estimated and investigated OS probabilities of ccRCC. Hence, the agingScore-based nomogram may provide individualized prognosis estimates for ccRCC subjects. The agingScore was remarkably linked to tumorigenic pathways, immune cell infiltration, and tumor immunogenicity. Additionally, high agingScore patients were responsive to immunotherapy. Several small molecular compounds were determined for the low agingScore patients. Proteins showing an enhanced negative association with agingScore could possess therapeutic potential for patients with low agingScore (46). Nevertheless, most human proteins are undruggable because they are short of distinct active sites where small molecule agents can bind to as well as reside in cells that are inaccessible to biological agents. Hence, it is of importance to speculate on the potential druggable therapeutic targets for low agingScore patients with undesirable survival outcomes. Through Spearman’s correlation analysis of agingScore with the CERES score of drug targets and the expression level of druggable proteins, we determined the three genes, namely, CYP11A1, SAA1, and GRIK4, as promising therapeutic targets for low agingScore patients.

Collectively, our findings offered a novel insight into personalized prognostication methods as well as threw light on combining tailored risk stratification with precision treatment. Nevertheless, our analysis still possessed several limitations. At first, the number of datasets with available RNA-seq or microarray profiles remained limited. The three aging subtypes and agingScore needed to be verified with a larger sample size. Secondly, the relationships between drug targets and small molecular compounds lacked verification, thereby reducing the persuasiveness of our conclusion. Thirdly, our results were obtained from in-silico analysis, and more experimental and clinical verification was required to facilitate the clinical application of our findings.



Conclusion

Our findings revealed the interactions between aging-associated genes in ccRCC and remodeling of the TME, providing a novel insight into the molecular drivers underlying ccRCC initiation and development. Collectively, our study offered opportunities for ccRCC prevention, early detection, and prognostication as well as therapy.
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Supplementary Figure 1 | Validation of three aging phenotypes across ccRCC in the E-MTAB-1980 dataset. (A) The CDFs of consensus matrix for k=2~9 identified by colors. (B) Relative alteration in area under CDFs for k=2~9. (C) Tracking plot for classification of TCGA-KIRC dataset into diverse subtypes for k=2~9. (D) Classification of the E-MTAB-1980 cohort into three clusters when k=3. (E) PCA of the RNA expression profiling of prognostic aging-associated genes. (F) Kaplan-Meier analysis for OS among three phenotypes.
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The effect of immunotherapy strategy has been affirmed in the treatment of various tumors. Nevertheless, the latent role of RNA 5-methylcytosine (m5C) modification in gastric cancer (GC) tumor microenvironment (TME) cell infiltration is still unclear. We systematically explore the m5C modification patterns of 2,122 GC patients from GEO and TCGA databases by 16 m5C regulators and related these patterns to TME characteristics. LASSO Cox regression was employed to construct the m5Cscore based on the expression of regulators and DEGs, which was used to evaluate the prognosis. All the GC patients were divided into three m5C modification clusters with distinct gene expression characteristics and TME patterns. GSVA, ssGSEA, and TME cell infiltration analysis showed that m5C clusters A, B, and C were classified as immune-desert, immune-inflamed, and immune-excluded phenotype, respectively. The m5Cscore system based on the expression of eight genes could effectively predict the prognosis of individual GC patients, with AUC 0.766. Patients with a lower m5Cscore were characterized by the activation of immunity and experienced significantly longer PFS and OS. Our study demonstrated the non-negligible role of m5C modification in the development of TME complexity and inhomogeneity. Assessing the m5C modification pattern for individual GC patients will help recognize the infiltration characterization and guide more effective immunotherapy treatment.
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Introduction

As a  global disease, gastric cancer (GC) is the fifth most diagnosed malignancy and the third most common cause of cancer-related death, with 784,000 deaths worldwide in 2018 (1). Although the incidence and mortality rates of GC have declined in several countries, regions seriously threatened by GC, such as China and other East Asian countries, still bear severe health and economic burden. In China, 562,000 newly diagnosed GC patients were recorded, accounting for nearly half of the new cases worldwide (2). The 5-year survival rate of GC is 35.9% in China due to the late stage at diagnosis, notably lower than 71.5% in South Korea and 65% in Japan (3, 4). Due to the complexity of the pathogenic mechanism and the lack of specific biomarkers of GC, the effects of treatment strategies such as surgery, chemotherapy, and radiotherapy are not satisfactory.

RNA 5-methylcytosine (m5C) is an important kind of RNA methylation modification; there have been more than 150 RNA modifications identified to date (5). Traditionally, DNA m5C has been proven to be the most dominant DNA modification in mammals and functions by adding a methyl group at the carbon-5 position of the cytosine base (6). RNA m5C modification, as the third layer of epigenetics, can be found in but not limited to mRNA, noncoding RNA, and tRNA (7–13). Like other RNA epigenetic modifications, such as N6-methyladenosine (m6A), m5C is a dynamic reversible process that can be regulated by “writers”, “erasers”, and “readers”, namely, the methyltransferases, demethylases, and binding proteins (14). The methylation formation of m5C modification is catalyzed by methyltransferases composed of the SUN/NOL1/NOP2 domain family of proteins (NSUN1, NSUN2, NSUN3, NSUN4, NSUN5, NSUN6, and NSUN7) and DNA methyltransferase homologues (DNMT1, DNMT2, DNMT3A, and DNMT3B) (15–17). At the same time, the demethylation process is regulated by the erasers consisting of enzymes of the ten-eleven translocation (TET) family members, including TET1, TET2, and TET3 (18, 19). Additionally, the whole methylation process is mediated by a cluster of special RNA-binding proteins, including ALYREF and YBX1 (8, 20). An increasing number of studies validate that the dynamic modification of m5C and its regulators is involved in a series of physiological and pathological processes, including RNA stability, gene expression, and protein synthesis. As for tumor malignant biological behaviors, it has been reported that m5C and its regulators play essential roles in the pathogenesis of leukemia (21), hepatocellular carcinoma (HCC) (22), glioblastoma multiforme (GBM) (12), and bladder cancer (20), indicating the promising prospect of m5C modification in cancer treatment.

Recently, immunotherapy, anti-PD-L1 antibody, and anti-PD-1 antibody have increased the overall survival rate of some advanced GC patients who were treated with two or more lines of chemotherapy (23). The efficiency of immunotherapy depends on the status of EB virus infection, microsatellite instability (MSI)/mismatch repair (MMR), and the expression of PD-L1. However, the dominant population of immunotherapy is still challenging to identify because of the heterogeneity of GC. Hence, to better analyze the heterogeneity and immunophenotype of patients with GC, it is essential to improve long-term survival. Consistently, epigenetic and genetic variations of malignant cells are the only factors participating in the tumor progression, which is a complex multistep process. Notwithstanding, numerous studies have proved that the tumor microenvironment (TME), where tumor cells survive and grow, is crucial in tumorigenesis and development. The composition of TME is rather complicated, including not only the tumor part but also the stromal cells, macrophages, bone marrow-derived cells (BMDCs), distant recruited cells, secreted factors, and neovascularization (24). The detailed types of cells and cytokines in the TME are complex, including cancer-associated fibroblasts (CAFs), myeloid cells, lymphocytes, chemokines, cytokines, and growth factors. Among these cells, tumor-associated macrophages (TAMs), tumor-associated neutrophils (TANs), myeloid-derived suppressor cells (MDSCs), Tie2-expressing monocytes, and dendritic cells together constitute the tumor-associated myeloid cells (TAMCs) (25). The cross-talk between cancer cells and TME components promotes tumor proliferation and angiogenesis, avoids hypoxia, inhibits apoptosis, and mediates immune tolerance. With the gradual deepening of the understanding of the complexity and diversity of TME, increasing data depict its essential role in immune escape and immunotherapy. Moreover, the TME cell infiltration pattern can predict the response to the immune checkpoint blockade (ICB), which is promising in the tumor treatment strategies (26). Accordingly, particular tumor immunophenotypes are supposed to be validated via thoroughly parsing the TME landscape complexity and heterogeneity (27). As GC is characterized by tumor heterogeneity, it is urgent to identify the dominant population of immunotherapy by the landscape TME cell infiltration.

Lately, m5C modification is related to the TME-infiltrating immune cells, and the mechanisms are more complicated than expected. In systemic lupus erythematosus (SLE), abnormal m5C mRNAs were identified as relevant to critical immune pathways in CD4+ T cells (28). Another study reported that the eraser TET1 is downregulated via NF-κB signaling pathway activation in breast cancer cells (29). Interestingly, Andries and colleagues found that m5C-modified mRNA promoted protein expression by the increased ability of the mRNA to elude downstream innate immune signaling and activation of endosomal Toll-like receptor 3 (TLR3) (30). During virus infection, m5C RNA methyltransferases, such as NSUN family proteins, were employed to modify viral RNA and change antiviral host responses (31). All these latest findings reveal the fact that m5C modification and regulators may have a further effect on the TME, and previous studies focus only on one or two m5C regulators due to the limitation of technologies.

In the present study, the genomic and clinical data of 1,983 GC samples were employed to thoroughly estimate the m5C modification patterns and the correlation between m5C modification and TME features. Three different m5C modification patterns and the specific TME cell infiltration peculiarities were identified. Three immunophenotypes, immune-inflamed, immune-excluded, and immune-desert phenotype, were related to the three m5C clusters. Subsequently, a scoring system based on the m5C modification pattern was established for individual GC patients.



Materials and methods

The detailed materials and methods can be found in the supplementary files (32–37).



Results


Blueprint of genetic variation of m5C regulators in GC

In the process of dynamic modification, methyltransferases and demethylases work together to keep the balance of the RNA m5C modification with the help of the readers. The ideograph of RNA m5C modification is shown in Figure 1A. Firstly, the characteristics of somatic mutations and copy number variations (CNVs) of the 16 m5C regulators were summarized in GC. Among all the 433 samples from TCGA, 83 (19.17%) patients experienced mutations of m5C regulators. We found that the three demethylases exhibited the highest mutation rates, while the readers (YBX1 and ALYREF) hardly showed any mutations (Figure 1B). Moreover, a significant mutation co-occurrence pattern was identified between NSUN2 and NSUN3 (Figure S1B). For CNV analysis, the most prevalent CNV alternation in the regulators was the amplification in copy number, except for NSUN3, TET2, and NSUN7, which were characterized by a high frequency of CNV deletion (Figure 1C). In Figure 1D, the detailed locations of CNV alternation of each m5C regulator are recorded on the chromosomes. Notably, we could thoroughly determine GC patients from normal samples based on the expression of the 16 m5C regulators (Figure 1E). To further ascertain the relation between the above genetic alternations and the expression of m5C regulators, we explored the expression of regulators in both GC and normal tissues. We found that CNVs might be the main factors leading to the abnormal expression of the m5C regulators. Regulators with amplificated CNV tended to highly expressed in tumor samples (e.g., DNMT1, ALYREF, and NSUN5), and vice versa (e.g., NSUN7 and NSUN6) (Figures 1C, F). The assessment disclosed the heterogeneity of expressional and genetic alternation patterns in m5C regulators between GC and normal tissues, hinting that the aberrant expression of m5C regulators played an essential role in the tumorigenesis and development of GC.




Figure 1 | The landscape of genetic and expression alternation of m5C regulators in GC. (A) Diagram of the dynamic reversible process of m5C RNA methylation regulated by different types of regulators. (B) The mutation frequency of 16 m5C regulators in 433 GC patients from the TCGA-STAD cohort. Each column represents individual patients. The upper bar plot indicates TMB. The numbers on the right show the mutation frequency of specific regulators and the right bar plot represents the proportion of each variant type. The colors of each variant type are listed at the bottom. (C) The CNV mutation frequency of m5C regulators in the GSE62717 dataset. The height of the column represents the variation frequency. Amplification frequency, red dot; deletion frequency, blue dot. (D) The location of CNV mutation of 16 m5C regulators on 23 chromosomes in the GSE62717 dataset. (E) PCA indicates that the expression of 16 m5C regulators can distinguish GC tumors from normal samples in the GSE2269 cohort. Tumors and normal samples are marked with blue and red, separately. (F) The differential expression of 16 m5C regulators between normal and tumor samples. Tumor, red; normal, blue.





m5C methylation modification patterns mediated by 16 regulators

A meta-cohort including five GEO datasets (GSE57303, GSE84437, GSE34942, GSE62254, and GSE15459) with full OS and other clinical data was used to identify the expression pattern of 16 regulators. The prognostic values of 16 m5C regulators were analyzed through a univariate Cox regression model (Figure S1C and Figure 2A). We found that the readers ALYREF and YBX1 were favorable prognosis factors for GC patients. The cross-talk between 16 regulators and prognostic significance for patients was revealed in the m5C regulator network (Figures 2A, B). We noticed that a significant correlation was shown in both the same and different functional category regulators. Interestingly, the correlation of expression is consistent in regulators from the same functional category. However, we found that the relationship in writers is much complicated, such as DNMT1, which is remarkably negatively correlated with NSUN6 and NSUN7 (Figure 2B). In addition, the expression of the readers ALYREF and YBX1 was almost significantly correlated with other regulators. According to the expression of 16 m5C regulators, we further explored the m5C modification patterns via the ConsensusClusterPlus package, and identified three different modification patterns by the unsupervised clustering method, including 308 patients in m5C cluster A, 334 patients in m5C cluster B, and 417 patients in m5C cluster C (Figures S2A–D and Table S3). The heatmap of the 16 m5C regulators in 1,059 GC patients is depicted in Figure 2C. The expression of 16 regulators in three m5C clusters was remarkably different. LogRank analysis showed that the prognosis of patients in m5C cluster B was better than the other two clusters (Figure 2D).




Figure 2 | m5C methylation modification patterns and biological characteristics. (A) The interaction between 16 m5C regulators in GC. The size of the circles represents the effect of a specific regulator on the prognosis, and the values calculated via the Log-rank method were p > 0.1, p < 0.1, p < 0.05, p < 0.01, and p < 0.001, respectively. Black dots, favorable factors; green dots, risk factors. The lines between two regulators show the interaction. Negative correlation and positive correlation are marked with blue and red. (B) The expression correlation of the 16 m5C regulators in GC. Each cell in the lower left corner represents the expression of two regulators, and the red line is the trend line. Cells in the upper right corner show the statistic result. The asterisks represent the p-value (*p < 0.05, **p < 0.01, and ***p < 0.001). (C) Unsupervised clustering of 16 m5C regulators in the five independent gastric cancer cohorts. The m6A clusters and basic clinical information are used as patient annotations. Each column represents patients and each row represents m5C regulators. (D) Overall survival of three m5C modification clusters based on the GC patients from five GEO cohorts. Log-rank p-value 0.004 indicates a significant prognostic difference among three m5C clusters. (E, F) GSVA enrichment analysis revealing the activation states of biological pathways in distinct m5C clusters. The heatmap is employed to visualize the biological processes, and blue represents inhibited pathways and yellow represents activated pathways.





TME cell infiltration characteristics in distinct m5C modification patterns

To better understand the biological characteristics among the distinct m5C modification clusters, the GSVA enrichment method was conducted. In Figure 2E, m5C cluster A is related to the immune suppression process, while m5C cluster B is notably enriched in immune full activation pathways, including cytokine–cytokine receptor interaction, natural killer cell-mediated cytotoxicity, antigen processing and presentation, Toll-like receptor signaling pathway, and chemokine signaling pathway. m5C cluster C is enriched in carcinogenic and stromal activation pathways, such as ECM receptor interaction, TGF beta signaling pathway, adhesion and gap junction, mTOR, and MAPK signaling pathways (Figure 2F). Interestingly, TME immune cell infiltration analysis subsequently showed that m5C cluster C was rich in resting and naïve immune cells, such as dendritic cells, CD4 memory T cells, mast cells, B cells, and other innate immune cells, by the CIBERSORT method. On the contrary, m5C cluster B is characterized by specific immune cell enrichment (Figure 3A, Figure S2E, and Table S4). The correlation of specific m5C regulators and immune cell is shown in Figure S2F. To further reveal the TME features, the single-sample GSEA (ssGSEA) analysis of all the 1,059 cases was conducted. In addition to immune cells, more details about immune functions and pathways can be summarized via the ssGSEA method. As shown in Figure 3B, three distinct immune patterns under three m5C clusters are identified (Table S5). Combined with the survival results above, we were surprised to find that m5C cluster A belonged to the immune-desert phenotype, characterized by immunological suppression; m5C cluster B was classified as immune-inflamed phenotype, which features immune activation and immune cell infiltration; m5C cluster C was labeled as immune-excluded phenotype, characterized by stromal activation and innate immune cell infiltration (Figures 2D and 3A, B). These results demonstrated that the interaction among the writers, erasers, and readers might play fundamental roles in distinct m5C modification patterns and TME cell infiltration characteristics of individual GC patients.




Figure 3 | TME cell infiltration traits and transcriptome characteristics in three m5C modification clusters. (A) The enrichment of TME-infiltrating cell in distinct m5C clusters. The lower and upper ends of the boxes represent interquartile range of values. The dots represent outliers and the lines in the boxes show the median value. (B) The heatmap of TME-infiltrating cells in three m5C patterns. (C) Unsupervised clustering of 16 m5C regulators in the ACRG cohort. The m5C cluster, location, Lauren types, tumor stage, EBV status, sex, age, and ACRG molecular subtypes are used as patient annotations. High and low expression of regulators is marked with red and green, respectively. (D) PCA shows that the expression of 16 m5C regulators can divide the ACRG cohort into three distinct m5C clusters. (E) The relative percent of four molecular subtypes in distinct m5C clusters. (F) Recurrence-free survival of three m5C modification clusters based on the GC patients from the ACRG cohort. (G) Overall survival of three m5C modification clusters based on the GC patients from the ACRG cohort (ns, not significant: *p < 0.05; **p < 0.01; ***p < 0.001).





m5C methylation modification patterns in the ACRG cohort

We focused on the ACRG cohort, a group of 300 GC participants with complete clinicopathological information, to further reveal the biological behaviors and the features of m5C modification patterns. Like the meta-cohort datasets, the ACRG cohort is divided into three distinct m5C modification clusters as well by the unsupervised clustering method (Figures S3A–D and Figures 3C, D). The heatmap based on the expression of 16 m5C regulators shows that m5C cluster A exhibits a high expression of TET2 and NSUN6 and is downregulated in other regulators; m5C cluster B is characterized by the upregulated readers and five writers including NSUN1–4 and DNMT1; m5C cluster C shows high levels of two erasers and four writers (Figure 3C). We found that patients in m5C cluster A were rich in the diffuse subtype and tended to have poor differentiation. Intestinal subtype was more likely to be observed in m5C cluster B and C modification pattern. GC patients with diffuse histological and EMT molecular subtypes were related to poorer survival; on the contrary, MSI was linked to a better prognosis. Consequently, patients with an m5C cluster pattern were markedly linked to high malignancy, stromal activation, and poor prognosis (Figure 3C). Moreover, Figure 3E shows that patients in m5C cluster A are also significantly related to EMT molecular subtypes, while the MSI subtypes are featured by m5C cluster B modification. The survival results revealed that patients in m5C cluster B are related to a favorable prognosis, while m5C clusters A and C show a shorter survival time (Figure 3F). Notably, we also found that the relapse-free survival (RFS) of m5C cluster B is better than the other two clusters (Figure 3G). The findings above demonstrate that most GC patients with EMT molecular subtypes were divided into m5C cluster A and related to stromal activation; most patients with MSI instead of the EMT subtype were in m5C cluster B and characterized by immune activation.



Immunomodulatory effect of m5C modification on the TME

Subsequently, four gene clusters belonging to distinct immune processes were used to reveal the role of m5C modification on the immune regulation of the TME. Chemokines and cytokines with different functions were selected from the published literature. The essential members of human leukocyte antigen (HLA), the major histocompatibility complex (MHC) of human beings, present antigen and mediate immune response. CD8A, CXCL9, CXCL10, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF are related to immune activation. CD80, CD86, HAVCR2, CTLA-4, LAG3, IDO1, PD-1, PD-L1, PD-L2, TNFRSF9, and TIGIT are supposed to correlate with immune checkpoints. ACTA2, CLDN3, COL4A1, SMAD9, TGRB1, TGFBR2, TWIST1, VIM, and ZEB1 are considered to associate with TGF-β and EMT pathways (24, 38). In Figure 4A, HLA-I molecules, including HLA-A, B, C, E, F, and G, are remarkably highly expressed in m5C cluster B, which means stronger antigen presentation and tumor-killing ability. We noted that HLA-II molecules, such as HLA-DPB2, HLA-DQA1, HLA-DQB2, and HLA-DQA1, were upregulated in m5C cluster A. HLA-G is reported to suppress the immune response and leads to long-term immune escape and tolerance (39). Meanwhile, we also found that the expression of genes related to TGF-β and EMT pathways was remarkably upregulated in m5C cluster A, which added the evidence of stromal activation, while m5C cluster B exhibited overexpression of mRNAs relevant to immune activation (Figures 4B–D). Immune checkpoint analysis showed that all the genes, including CTLA-4, PD-1, and PD-L1, were upregulated in m5C cluster B (Figure 4C). The results above demonstrate that m5C modification patterns are significantly related to TME immune regulation and may play crucial roles in immunotherapy. However, these findings were only based on the 16 m5C modification regulators.




Figure 4 | Immune characteristics of the different m5C patterns from the ACRG cohort. (A) The expression of the HLA alleles of GC patients of distinct m5C clusters. (B) Difference in the immune-activation-related gene expression among three m5C clusters. (C) Difference in the immune-checkpoint-related gene expression among three m5C clusters. (D) Difference in the TGF-β–EMT-related gene expression among three m5C clusters. (E) The Venn diagram shows the 229 DEGs from the pairwise comparison of three m5C clusters. (F) The heatmap of DEGs of the distinct m5C clusters reveals three expression patterns. (ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001).



Considering the heterogeneity and complexity of m5C methylation modification, we tried to identify the DEGs under different m5C clusters using the limma package. Finally, 229 m5C phenotype-related DEGs were found and showed a distinct expression pattern under three m5C clusters (Figures 4E, F). The GO and KEGG enrichment analysis of the 229 DEGs showed that (Figures S3E, F) the DEGs were rich in immune-related biological processes and pathways, including CD8+ αβT cell activation, negative regulation of the immune system process, NOD-like receptor signaling pathway, and TNF signaling pathways.



Generation of m5Cscore and capability to predict prognosis

We established a scoring system that depended on the expression of DEGs and m5C regulators to quantify the individual m5C modification pattern; we termed this m5Cscore. The univariate Cox regression method was employed to determine the DEGs that were significantly related to the survival of GC patients in ACRG (Table S6). Ninety-nine genes were involved in the LASSO Cox regression algorithm to generate the m5Cscore signature, and eight genes were selected, including seven DEGs (RBPMS2, TNFRSF11A, NBEA, INHBB, RGN, DFNA5, and TPD52L1) and one writer (DNMT3A) (Figures 5A, B). The m5Cscore of each GC patient and prognostic information is summarized in Table S7. The alluvial diagram shows the attribute changes of individual GC patients (Figure 5C). Log-rank results depict that the OS of patients with a low m5Cscore is remarkably higher than patients with a high m5Cscore under the cutoff value of 9.92 (Figures 5D, E). The area under the curve (AUC) is 0.766, quantified by the pROC package (Figure 5F). Univariate and multivariate analysis demonstrates that age, N stage, M stage, and m5Cscore are the independent factors of prognosis (Figures 5G, H). Meanwhile, we found that m5Cscores significantly differed in distinct ACRG molecular subtypes. Patients in the EMT subgroup showed the highest m5Cscore compared to the other molecular groups (Figure 6A). Additionally, patients in m5C cluster B showed the lowest m5Cscore compared to other clusters (Figure 6B). In Figure S3G–I, GC patients with a high m5Cscore show a significantly higher stromal score and a lower tumor purity score. The results added to the evidence that a low m5Cscore was significantly related to immune activation and a high m5Cscore was correlated with stromal activation. m5Cscore could be a better marker to estimate the m5C modification of individual GC patients. Notably, patients with a low m5Cscore and who received adjuvant chemotherapy showed significant treatment advantages (Figure 6C). The result also demonstrated that the prediction value of m5Cscore was not affected by chemotherapy, and a low m5Cscore showed obvious survival advantage, regardless of whether patients received chemotherapy or not (Figure 6C). Moreover, older patients, intestinal histological subtype, and early GC patients were notably related to a low m5Cscore, which demonstrated that these GC patients were characterized by the m5C cluster B and immune-inflamed phenotype, with a better prognosis (Figure 6D).




Figure 5 | The generation of the m5Cscore system in the ACRG cohort. (A, B) The LASSO regression model and verification. (A) The longitudinal, lower transverse, and upper transverse coordinates are the correlation coefficient, Log Lambda (penalty coefficient), and the number of non-zero coefficients in the model. The lines with different colors show the trajectories of related variables changing with Log Lambda in the model. (B) The upper transverse, lower transverse, and longitudinal coordinates represent the format of the factor, the Log Lambda (penalty coefficient), and the error of cross-verification. The point with the smallest cross-verification error corresponds to the number of factors involved in the LASSO regression model. (C) Alluvial diagram demonstrates the changes of m6A clusters, molecular subtypes, m5Cscores, and status. (D) The distribution of the m5Cscore of each patient from the ACRG cohort. The cutoff point of m5Cscore is 9.92. (E) Kaplan–Meier curves show that the m5Cscore is significantly related to the overall survival of GC patients in the ACRG cohort, of which 145 patients were in the high-m5Cscore group and 155 patients were in the low-m5Cscore group (p < 0.0001, Log-rank test). (F) The predictive value of m5Cscore in the ACRG cohort. AUC, 0.766. (G) Univariate Cox regression analysis for m5Cscore in the ACRG cohort shown by the forest plot. (H) Multivariate Cox regression analysis for m5Cscore in the ACRG cohort shown by the forest plot.






Figure 6 | Traits of m5C modification in different molecular subgroups and somatic tumor mutation. (A) Differences in m5Cscore between different ACRG molecular subgroups. (B) Differences in m5Cscore between distinct m5C clusters. (C) Survival analyses for subgroup GC patients stratified by both adjuvant chemotherapy treatment and m5Cscore using the Kaplan–Meier method. L, low; H, high; ADJC, adjuvant chemotherapy. (D) Differences in m5Cscore among clinicopathological groups. (E) Kaplan–Meier curves show that the m5Cscore is significantly correlated to the overall survival of patients in the TCGA-STAD cohort. (F) The predictive value of m5Cscore in the TCGA-STAD cohort. AUC, 0.898. (G) Survival analyses for subgroup GC patients divided by adjuvant chemotherapy treatment and m5Cscore using Kaplan–Meier curves in the TCGA-STAD cohort. (H,I) The waterfall plot of tumor somatic mutation based on those with high m5Cscore (H) and low m5Cscore (I) in the TCGA-STAD cohort. Each column represents each GC patient. The upper and right bar plots show TMB and the proportion of each variant type. The number on the right indicated the mutation frequency in each gene. (ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001).





Validation of m5C modification in TCGA and other datasets

Data from the TCGA-STAD cohort and GEO were used for external and internal validation to determine the role of m5C modification and the prognostic value of m5Cscore. m5Cscore was employed to evaluate the individual m5C modification of the single patients in the TCGA dataset, among which 267 patients have a low m5Cscore and 69 patients have a high m5Cscore. Combined with the prognosis information, we revealed that patients with a low m5Cscore had a better prognosis (Figure 6E). ROC curve analysis showed that the AUC was 0.898, which was even higher than that in the training cohort (Figure 6F). We also noticed that patients with a high m5Cscore and without chemotherapy experienced the worst prognosis, while patients with a low m5Cscore and chemotherapy showed a favorable prognosis (Figure 6G). As shown in Figures 6H, I, patients in the high-m5Cscore group exhibit less extensive tumor mutation burden than patients in the low-m5Cscore group, with alternation rates of 88.41% and 92.88%, respectively. TMB analysis demonstrated that a high m5Cscore was significantly related to lower TMB, and showed a notable negative correlation (Figures 6H, I). Furthermore, the mean TMB of patients with a high or low m5Cscore was 2.31 and 1.26 mutations per MB. The violin plot also demonstrated that the TMB of patients in the high-m5Cscore group was significantly higher than that of patients in the low-m5Cscore group, and the p-value was 0.012 (Figure S3J).

Next, to further validate the stability of the m5Cscore system, the m5Cscore model was applied to other independent GC cohorts to confirm the prognostic value. Figures 7A–C show that GC patients with a low m5Cscore have a better prognosis in GSE57303, GSE84437, and GSE 15459. Moreover, we combined all the five GEO datasets together and found that the m5Cscore model was validated (Figure 7D). The ROC curve was drawn, and all AUCs were over 0.6 (Figure 7E). In addition, GSE26253, a new GEO dataset, was used to evaluate the predictive value of recurrence-free survival. Figure 7F confirms the ability of m5Cscore to predict RFS, which means the underlying potential mechanisms exist between m5C modification and tumor relapse to be elucidated.




Figure 7 | The validation of the m5Cscore system of individual GC patients from internal and external cohorts. (A) Overall survival analysis of m5Cscore in the GSE57303 cohort. (B) Overall survival analysis of m5Cscore in the GSE84437 cohort. (C) Overall survival analysis of m5Cscore in the GSE15459 cohort. (D) Overall survival analysis of m5Cscore in all five GEO cohorts. (E) The predictive value of m5Cscore in the four validation cohorts. The orange line represents all five GEO datasets with AUC 0.663; the purple line represents the GSE84437 cohort with AUC 0.630; the gray line represents the GSE57303 cohort with AUC 0.636; the red line represents the GSE15459 cohort with AUC 0.647. (F) Recurrence-free survival analysis of m5Cscore in the GSE26253 cohort.






Discussion

Growing evidence revealed that aberrant RNA m5C methylation modification played a crucial role in tumorigenesis, progression, and patient prognosis by means of dynamic RNA epigenetic modification. In the current study, we analyzed that m5C regulators in GC explored the correlation between TME and m5C modification, as well as established an m5Cscore system to evaluate the prognosis of GC patients via the data from GEO datasets and the TCGA-STAD cohort. The m5Cscore model was further validated by internal and external datasets. These findings added clues for understanding the m5C modification of individual GC patients.

Sixteen m5C methylation regulators were involved in the analysis, including methyltransferases, demethylases, and RNA binding proteins. Although the exact number of m5C regulators and detailed mechanisms of m5C methylation are far from clear, the existing evidence has validated the essential function of m5C modification on different types of RNA, physiological, and pathological processes (7, 14). Among all the regulators, 13 regulators are significantly aberrantly expressed with 10 genes upregulated and 3 downregulated in GC samples. NSUN7 and DNMT2 are the only low-expression regulators out of the 11 methyltransferases. Sato et al. reported that NSUN7 was upregulated in low-grade glioma with an unknown mechanism (40). However, in GC, we suppose that the low expression of NSUN7 is caused by the loss of CNV frequency. Mei and colleagues found that NSUN2 was overexpressed in GC, which is consistent with our results, and they further validated that NSUN2 promotes GC cell proliferation via repressing p57(Kip2) in an m5C-dependent manner (41). In correlation analysis, we noticed that the methyltransferases tended to be related to each other, indicating the underlying interaction of mediating the m5C methylation modification. As for the readers, ALYREF and YBX1 were remarkably overexpressed in GC patients. Research on bladder cancer, breast cancer, HCC, and oral squamous cell carcinoma revealed that ALYREF and YBX1 were upregulated as well (22, 42–44). Intriguingly, high expression of ALYREF and YBX1 are also significantly correlated with the favorable prognosis of GC patients. All three erasers are notably related to the OS of GC patients despite the fact that only TET3 is significantly abnormally expressed in tumor samples.

Based on the expression of 16 m5C methylation regulators, three m5C modification patterns were distinguished. The three m5C modification clusters were characterized by different TME cell infiltration patterns. m5C cluster A was included in the immune-desert phenotype, characterized by immunosuppression; m5C cluster B belonged to the immune-inflamed phenotype, showing the activation of adaptive immunity; m5C cluster C was classified as immune-excluded phenotype, characterized by stroma and immunity activation. The GSVA analysis also revealed that m5C cluster B is enriched in cytokine–cytokine receptor interaction, natural killer cell-mediated cytotoxicity, antigen processing and presentation, Toll-like receptor signaling pathway, and chemokine signaling pathway. These results added to the evidence that the immune-inflamed phenotype, also known as a hot tumor, is characterized by immune cell infiltration and immune-related signal pathway stimulation in TME (45, 46). Additionally, we found that the immune checkpoints in m5C cluster B were notably overexpressed than the other two m5C clusters, which indicated that patients in m5C cluster B might benefit from immunotherapy. In the immune-excluded phenotype, TGF-β and EMT pathways are activated and abate the efficiency of immunotherapy (47). However, we observed the activation of TGF-β and EMT pathways in m5C cluster A, which was classified as the immune-desert phenotype. The anomaly may be due to the limited number of TGF-β and EMT pathway-related genes, which requires more data analysis and illustrates the complexity of m5C methylation modification. In survival analysis, m5C cluster B showed the most favorable prognosis, which is consistent with the above-mentioned immune-inflamed phenotype.

The m5Cscore system was established based on the expression of eight genes via the LASSO Cox regression method, namely, DNMT3A, RBPMS2, TNFRSF11A, NBEA, INHBB, RGN, DFNA5, and TPD52L1. Among all the genes calculated in the m5Cscore system, only DNMT3A is an m5C modification regulator; TNFRSF11A, INHBB, and DFNA5 are involved in TNF-related pathways (48–50); TPD52L1 participates in cell proliferation and calcium signaling; and RBPMS2, as an RNA binding protein, is involved in the regulation of cell differentiation and proliferation (51, 52). m5Cscore is a reliable marker to evaluate the prognosis of GC patients with an AUC of 0.766 in the ACRG training set and 0.898 in the TCGA validation set. m5Cscore was verified by other GEO datasets as well. Inevitably, m5Cscore is distinct in different m5C clusters, in which m5C cluster B had the lowest m5Cscore. We noticed that GC patients with the EMT molecular subtype show the highest m5Cscore, demonstrating poor prognosis. Furthermore, GC patients with a high m5Cscore tend to have a shorter RFS, indicating that m5C methylation may play an essential role in tumor recurrence.



Conclusion

In summary, we revealed the potential regulatory mechanisms of m5C methylation modification on the GC TME. The characteristics of distinct m5C modification patterns might lead to the complexity and heterogeneity of individual GC TME. A far-reaching understanding of specific m5C modification patterns in GC will contribute to identifying TME cell infiltration and guiding clinical immunotherapy treatments.
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CD93 is a transmembrane receptor that is mainly expressed on endothelial cells. A recent study found that upregulated CD93 in tumor vessels is essential for tumor angiogenesis in several cancers. However, the underlying mechanisms are largely unexplored. Our present research systematically analyzed the characteristics of CD93 in tumor immunotherapy among 33 cancers. CD93 levels and co-expression of CD93 on cancer and stromal cells were detected using public databases and multiple immunofluorescence staining. The Kaplan-Meier (KM) analysis identified the predictive role of CD93 in these cancer types. The survival differences between CD93 mutants and WT, CNV groups, and methylation were also investigated. The immune landscape of CD93 in the tumor microenvironment was analyzed using the SangerBox, TIMER 2.0, and single-cell sequencing. The immunotherapy value of CD93 was predicted through public databases. CD93 mRNA and protein levels differed significantly between cancer samples and adjacent control tissues in multiply cancer types. CD93 mRNA expression associated with patient prognosis in many cancers. The correlation of CD93 levels with mutational status of other gene in these cancers was also analyzed. CD93 levels significantly positively related to three scores (immune, stromal, and extimate), immune infiltrates, immune checkpoints, and neoantigen expression.. Additionally, single-cell sequencing revealed that CD93 is predominantly co-expressed on tumor and stromal cells, such as endothelial cells, cancer-associated fibroblasts (CAFs), neutrophils, T cells, macrophages, M1 and M2 macrophages. Several immune-related signaling pathways were enriched based on CD93 expression, including immune cells activation and migration, focal adhesion, leukocyte transendothelial migration, oxidative phosphorylation, and complement. Multiple immunofluorescence staining displayed the relationship between CD93 expression and CD8, CD68, and CD163 in these cancers. Finally, the treatment response of CD93 in many immunotherapy cohorts and sensitive small molecules was predicted from the public datasets. CD93 expression is closely associated with clinical prognosis and immune infiltrates in a variety of tumors. Targeting CD93-related signaling pathways in the tumor microenvironment may be a novel therapeutic strategy for tumor immunotherapy.
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Introduction

Cancer remains the second most common cause of death in the United States and remains a significant global public health threat until now (1). Uncontrolled cell proliferation is mainly due to the accumulation of genetic and epigenetic alterations, leading to cancer formation (2, 3). Cancer occurs due to the synergistic action of multiple carcinogens, such as chemical and physical carcinogens, viruses, and bacteria (4, 5). There are only a few options for cancer treatment, including surgery, chemotherapy, targeted drug therapy, radiation and hormone therapy, stem cell transplant, clinical trials, and immunotherapy (6–8). Despite rapid improvements in early diagnosis and treatment in past decades, five-year survival rates for many cancer types remain unsatisfied (9). The past decades have witnessed tremendous developments in cancer immunotherapy, one of the most promising fields for the future of cancer treatment. Immunotherapy functions by inducing the immune system to target the tumor and stroma cells via various xenoantigens, ultimately enhancing the innate anti-tumor immune responses (10, 11). In particular, checkpoint inhibitors in the tumor microenvironment (TME) have been shown improve prognosis for patients with advanced malignancies, including melanoma, lymphoma, lung and bladder cancers (12, 13). A large number of immune checkpoints have been discovered through public databases according to the rapid development of high-throughput sequencing technology (14–16). Validating the effectiveness of these immune checkpoints through preclinical and clinical studies will help significantly improve the prognosis of cancer patients.

Recent evidence indicated CD93 act as anew immune checkpoint for immunotherapy in the TME (17–19). CD93 is a transmembrane protein from the Group XIV C-Type lectin family (20). It contains a short cytoplasmic tail, a C-type lectin domain, a unique transmembrane like and a highly glycosylated mucin like as well as a series of epidermal growth factor like structural domains (21). CD93 plays a vital role in endothelial cell-cell adhesion, cell migration, cell polarization, and phagocytosis (22). Endothelial cell migration is essential for angiogenesis and promotes the formation of new blood vessels under physiological and pathological conditions (23, 24). In addition, CD93 can regulate β1 integrin activation and fibronectin fibril formation, thereby mediating angiogenesis during tumorigenesis and growth. CD93 is expressed by various cell types, such as myeloid lineage, platelets, monocytes, microglia, and endothelial cells (25). CD93 expression levels in tumor blood vessels are associated with poor survival in patients with high-grade astrocytic glioma (21). Similarly, CD93-deficient glioma mice had significantly slower intracranial tumor growth and improved survival than wild-type mice. In addition, recent papers have shown that CD93 is a prognostic marker for many malignant cancers and is involved in immune responses in the TME during cancer immunization (26, 27). However, the specific mechanisms of CD93 in tumor immunity remain largely undiscovered. Thus, a comprehensive assessment of the predictive value of CD93 in other cancers and the co-expression and role of CD93 on tumor and stromal cells in the TME require further elaboration.

Therefore, in this paper, we systematically checked the prognostic and immune role of CD93 in pan-cancer based on public databases like TCGA, CCLE, and GTEX. Meanwhile, the survival difference between CD93 mutant and WT, CNV groups, and methylation were explored. Moreover, the co-expression of CD93 on various cell types in the TME were verified through the online dataset, single-cell sequencing analysis, and multiple fluorescent staining. Furthermore, the immunotherapy effectiveness and sensitive drugs targeting CD93 in these cancers were predicted.



Materials and methods


Data collection and preparation

The transcriptomic data of CD93 in pan-cancer cohorts were obtained from The Cancer Genome Atlas (TCGA; http://cancergenome.nih.gov) (28) and Genotype Tissue-Expression (GTEX; https://gtexportal.org/home/) (29) databases. The cell lines data were collected from the Cancer Cell Line Encyclopedia (CCLE; https://sites.broadinstitute.org/ccle/) (30) dataset. The single-cell sequencing data were collected from the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) database, including BLCA (GSE145137), BRCA (GSE75688 and GSE118389), CHOL (GSE125449), COAD (GSE81861), HNSC (GSE103322), KIRC (GSE121636 and GSE171306), LIHC (GSE125449), OV (GSE118828), PRAD (GSE137829), SKCM (GSE72056), and STAD (GSE183904). The Single Cell Portal platform was used to collect the scRNA-seq dataset of GBM (SCP50 and SCP393, http://singlecell.broadinstitute.org). The Genome Sequence Archive (GSA) database was used to collect the scRNA-seq dataset of PAAD (CRA001160, https://ngdc.cncb.ac.cn/gsa/browse/CRA001160). The BioProject (#PRJNA591860) database was applied to collect the scRNA-seq dataset of LUAD.



CD93 prognostic and immune role identification

The Kaplan-Meier (KM) curve was applied to analyze the overall survival (OS) and disease-specific survival (DSS). The immune landscapes of CD93 were analyzed by the SangerBox (http://sangerbox.com/) and immunedeconv package. The immune score is a sophisticated tissue-based assay that defines the score by precisely quantifying and identifying T lymphocytes infiltrating the tumor in specific regions. The stromal score, which captures the presence of stroma in the TME, uses expression data for specific gene signatures associated with the stromal component of the TME to predict levels of infiltrating stromal cells. Estimated scores are used to infer tumor purity in the TME. These scores were calculated by the SangerBox using the ESTIMATE algorithm. The correlation between CD93 levels and other gene mutation status in these cancers was analyzed by the MuTarget dataset (https://www.mutarget.com/analysis?type=target) (31). The Gene set variation analysis algorithm (GSVA) (32), Kyoto Encyclopedia of Genes and Genomes database (KEGG; https://www.genome.jp/kegg/) (33, 34), and HALLMARK database were applied to identified enriched signaling pathways. The survival difference between mutant and WT, CNV groups, and methylation were analyzed by the GSCA dataset. The TIDE (http://tide.dfci.harvard.edu) and TISMO (http://tismo.cistrome.org) websites were used to analyze the immunotherapy and gene treatment responses of CD93 in these cancers.. The Gene Set Cancer Analysis (GSCA; http://bioinfo.life.hust.edu.cn/GSCA/#/), CCLE, and CellMiner (https://discover.nci.nih.gov/cellminer/) (35) datasets were used to predict the sensitive small molecule drugs. The correlation of CD93 expression with treatment response in breast cancer, OV, GBM, and colorectal cancer was predicted by the ROC Plotter (http://www.rocplot.org/site/index) (36, 37).



Single-cell sequencing analysis

The R package (Seurat) were applied for BRCA and STAD data integration and quality control (38). Dimensionality reduction using Principal Component Analysis (PCA). Visualization of CD93 expression by R packages (Vlnplot, Dimplot, and Featureplot). The FindClusters function was applied to cluster the cells together. Identification of tumor cells by the R package (infercnv and copycat). Visualization of dimensionality reduction with UMAP functions.



Multiple immunofluorescence staining

Multiple immunofluorescence staining was performed as previously described (39, 40). The primary Abs were CD8 (Mouse, 1:3000, Proteintech), CD68 (Rabbit, 1:3000, AiFang biological), CD93 (Rabbit, 1:200, Thermo Fisher), and CD163 (Rabbit, 1:3000, Proteintech). PV6001 (horseradish peroxidase-conjugated secondary antibody, ZSGB-BIO, China) was the secondary antibody, and the tyramide signal was amplified to TSA [FITC-TSA, CY3-TSA, 594-TSA, and 647-TSA (Servicebio, China)]. Image analysis and positive cell quantification were performed by Caseviewer (C.V 2.3, C.V 2.0) and Pannoramic viewer (P.V 1.15.3). Negative controls excluded the primary Ab. We obtained the tissue microarray (HOrg-C110PT-01) from the Outdo Biotech company (Shanghai, China), and the ethics were approved.



Statistical analysis

The R package calculated the optimal cutoff of CD93 (survminer). A student's t-test (normally distributed data) and Kruskal-Wallis's test (non-normally distributed data ) compared CD93 expression in the cancer and corresponding samples, respectively. Meanwhile, the log-rank test was applied to explore the prognostic role of CD93. All tests were bilateral, and P< 0.05 was set as statistically significant.



Expression and prognostic value of CD93

The flow chart designed in this paper is shown in Figure 1. Firstly, we used the CCLE, TCGA, and GTEX databases to explore the CD93 levels in the cancers and their counterparts. Data from the CCLE database showing CD93 expression in tumor cell lines, of which the top three cell lines were AML, B cell ALL, and leukemia (Figure 2A). Elevated mRNA levels of CD93 in tumor samples compared to normal controls in GBM, PAAD, STAD, CHOL, LGG, LIHC, KIRC, acute myeloid leukemia (LAML), HNSC, TGCT, and SKCM (Figure 2B; P<0.05). Conversely, decreased mRNA levels of CD93 in tumor samples compared to normal controls in COAD, KIRP, ACC, CESC, UCEC, BRCA, BLCA, LUAD, PRAD, KICH, THCA, LUSC, and UCS (Figure 2B; P<0.05). Meanwhile, we verified the protein levels of CD93 in our tumor microarrays through immunofluorescence staining (Figure 2C). Data showed that CD93 protein levels were upregulated in the tumor samples compared to control (pericancerous) samples in penile squamous cell carcinoma (PSCC), laryngeal squamous cell carcinoma (LSCC), and TGCT. Meanwhile, CD93 protein levels were decreased in the tumor samples than in control samples in THCA, UTUC, BLCA, and CESC. The CD93 protein levels were also expressed in ovarian serous papillary adenocarcinoma (OPV) and OV.




Figure 1 | The flow chart of this study. *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 2 | CD93 levels in tumor samples and counterparts. CD93 mRNA expression in cancer cell lines from the CCLE dataset (A). CD93 mRNA expression in cancer and normal samples from the TCGA and GETX datasets (B). CD93 protein expression in cancer and control samples in tumor microarrays (C). *p < 0.05, ***p < 0.001, NS, no significant differences.



In addition, the prognostic role of CD93 in these cancers was explored using the KM algorithm. Results show that CD93 has a good value in predicting OS (Supplementary Figure 1A) and DSS (Supplementary Figure 1B) in multiple cancers. Low CD93 mRNA levels were associated with longer OS in BLCA, CESC, COAD, ESCA, GBM, UCEC, UVM, KIRP, LAML, LGG, LIHC, READ, LUSC, MESO, OV, STAD, and THCA (Supplementary Figure 1C; P<0.05). Conversely, low CD93 mRNA levels were associated with shorter OS in PCPG, LUAD, SARC, HNSC, and KIRC (Supplementary Figure 1C; P<0.05). In addition, low CD93 mRNA levels related to better DSS in BLCA, COAD, ESCA, LGG, LUSC, KIRP, MESO, OV, UCEC, and UVM, and related to poor DSS in HNSC, LUAD, KIRC, SARC, and PCPG (Supplementary Figure 2A; P<0.05). A summary of CD93 expression in pan-cancer and its association with prognosis is shown in Supplementary Figure 2B.



Mutation analysis of CD93 in pan-cancer

Furthermore, we analyzed the survival difference between CD93 genome mutants and the WT group in these cancers through progression-free survival (PFS), disease-free interval (DFI), OS, and DSS analysis (Figure 3A). The DSS and OS in the CD93 mutant group significantly differ from the WT group in OV (Figure 3A and Table S1; P<0.05). CD93 copy number variation (CNV) and survival analysis results showed significant differences in OS for LGG, UCEC, READ, LIHC, SARC, and LUAD (P<0.05); in PFS for LGG, UCEC, ACC, LIHC, and KIRC (P<0.05); in DSS for LGG, UCEC, LUAD, KIRC, THCA, STAD, READ and BRCA (P<0.05); in DFI for ACC, UCEC, DLBC, LGG and BLCA (Figure 3B and Table S2; P<0.05). CD93 RNA expression is associated with methylation in almost every type of cancer except OV (Figure 3C and Table S3; P<0.05). CD93 high methylation group showed a significant difference with the low methylation group in DSS and OS for UVM, KIRP, LGG, SKCM, and KIRC (Figure 3D and Table S4; P<0.05).




Figure 3 | Survival analysis of CD93 in pan-cancer from the GSCA database. Survival difference between CD93 mutant and WT (A). CD93 CNV and survival (B). Correlation between CD93 methylation and mRNA expression (C). Survival difference between CD93 high and low methylation (D).



The MuTarget dataset showed that CD93 expression was associated with several gene mutational states in CESC, including MUC4, TENM1, PLXNC1, LATS1, and CACNA1C. The wild group of these genes has more CD93 expression than the mutant group (Figure 4A; P<0.01). In COAD, the mutant group of KIAA1217, GLG1, PAM, PFAS, and NCOR1 has more CD93 expression than the wild group (Figure 4B; P<0.001). In LGG, the mutant group of EGFR, HMCN1, PTEN, and LRP2 has more CD93 expression than the wild group, while the wild group of IDH1 has more CD93 expression than the mutant group (Figure 4C; P<0.01). In LUAD, the wild group of ZNF804B, SLITRK3, NELL1, HERC2, and IFT172 has more CD93 expression than the mutant group (Figure 4D; P<0.01). In LUSC, the wild group of CTNND2, JAK2, LAMA5, and RASGRP3 has more CD93 expression than the mutant group, while the mutant group of CHD5 has more CD93 expression than the wild group (Figure 4E; P<0.01). In SKCM, the wild group of PKHD1, KIAA1551, CAPN13, and CASR has more CD93 expression than the mutant group, while the mutant group of MARVELD2 has more CD93 expression than the wild group (Figure 4F; P<0.01). In STAD, the wild group of PKD1, HDAC4, GABRG2, TRRAP, and TRPA1 has more CD93 expression than the mutant group (Figure 4G; P<0.01). In UCEC, the wild group of LPCAT4, MRO, IRS4, ZNF251, and CCDC18 has more CD93 expression than the mutant group (Figure 4H; P<0.001). In BLCA, the wild group of FGFR3, SSPO, and KHDRBS2 has more CD93 expression than the mutant group, while the mutant group of KDM5B has more CD93 expression than the wile group (Supplementary Figure 3A; P<0.01). In SARC, the wild group of AHNAK and CCDC168 has more CD93 expression than the mutant group (Supplementary Figure 3B; P<0.01). In LIHC, the wild group of CTNNB1, KMT2D, and AXIN1 has more CD93 expression than the mutant group, while the mutant group of COL6A3 has more CD93 expression than the wile group (Supplementary Figure 3C; P<0.01). In OV, the mutant group of AOC2, DNAH11, ZNF835, and PLEKHG1 has more CD93 expression than the wild group (Supplementary Figure 3D; P<0.01). In HNSC, the wild group of AJUBA has more CD93 expression than the mutant group (Supplementary Figure 3E; P<0.01). In multiple myeloma, the wild group of SLC22A3, PTOV1, GRM2, and NBPF10 has more CD93 expression than the mutant group, while the mutant group of CXXC1 has more CD93 expression than the wile group (Supplementary Figure 3F; P<0.001).




Figure 4 | The correlation between CD93 expression and gene mutation status. CESC (A), COAD (B), LGG (C), LUAD (D), LUSC (E), SKCM (F), STAD (G), and UCEC (H).





Immune characteristics of CD93 in the tumor microenvironment

Next, to clarify the immune characteristics of CD93 in the TME in these cancers, we explored the relationship between CD93 expression and three scores (immune, estimate, and stromal) in 33 cancers using the ESTIMATE algorithm through the SangerBox website. CD93 expression positively correlated with immune scores in almost all cancers, except DLBC, KIRC, TGCT, THCA, and THYM (Supplementary Figure 4; P<0.05). CD93 levels were strongly correlated with estimate scores for almost all cancers except TGCT and THCA (Supplementary Figure 5; P<0.01). High CD93 expression was strongly associated with high stromal scores in all cancers (Supplementary Figure 6; P<0.01). In addition, six immune infiltration algorithms were applied, including EPIC, TIMER, QUANTIAEQ, xCell, MCPCOUNTER, and CIBERSORT (Supplementary Figure 7) to analyze the correlation between CD93 and stromal cells in these cancers. The results indicated that CD93 was closely associated with these stromal cells in the TME of these cancers. Results indicated that CD93 is closely related to these stromal cells in the TME in these cancers. Especially, high CD93 levels were positively correlated with the expression of endothelial cells, T cells (CD8+ and CD4+), neutrophils, myeloid dendritic cells, macrophages, B cells, T cell regulatory (Tregs), M1 and M2 macrophages, monocytes, and hematopoietic stem cells in almost all cancers. On the contrary, the expression of CD4+ T cell (Th1 and central memory), T cell follicular helper, B cell plasma, and activated NK cell was negatively correlated with CD93 levels.

Neoantigens, a group of tumor-specific antigens generated by tumor cell mutations in the TME, have the potential to become valuable targets for tumor immunotherapy (41, 42). The expression of neoantigens kept a close correlation with CD93 levels in BRCA, STAD, CESC, THCA, and LGG (Supplementary Figure 8; P<0.05). Moreover, we studied the correlation between CD93 and other classical immune checkpoints in these cancers. Results showed that CD93 expression was closely associated with the levels of several immune checkpoints in many cancers, including NRP1, LAIR1, CD28, CD200R1, HAVCR2, CD276, VSIR, and CD86 (Supplementary Figure 9; P<0.05).



Functional analysis based on CD93 expression

Many immune-related pathways based on the GSVA algorithm were significantly positively correlated with CD93 expressions in these cancers, such as lymphocyte activation involved in immune response, fibroblast activation and proliferation, fibroblast migration, fibroblast growth factor receptor signaling pathway, T cell extravasation, response to macrophage colony-stimulating factor, macrophage cytokine production, macrophage and macrophage-derived foam cell differentiation (Figure 5A; P<0.05). These signaling pathways play an irreplaceable role in tumor immunity in the TME, especially in the infiltration and activation of T cells, CAFs, macrophages, and mast cells. Additionally, the top three negatively enriched pathways were focal adhesion, vascular smooth muscle contraction, and leukocyte transendothelial migration (Figure 5B; P<0.001), while the top four positively enriched pathways were Huntington’s disease, proteasome, Parkinson’s disease, and oxidative phosphorylation analyzed from the KEGG database (Figure 5C; P<0.01). KRAS signaling up, UV response DN, and complement were the top three negatively enriched pathways (Figure 5D; P<0.001), while DNA repair, MYC targets V2, MYC targets V1, and oxidative phosphorylation were the top four positively enriched pathways analyzed from the HALLMARK database (Figure 5E; P<0.05).




Figure 5 | Functional analysis based on CD93 expression. Correlation analysis of CD93 from the GSVA algorithm (A). Top three negative (B) and top four positive (C) enriched pathways using the KEGG database. The top three negative (D) and four positive (E) enriched pathways using the HALLMARK database.





Relationship between CD93 and tumor and stromal cells analyzed by the single-cell sequencing and multiplex immunofluorescence staining

Then, we investigated the relationship between CD93 and tumor and stromal cells in the TME of these cancers, including GBM, HNSC, KIRC, LUAD, PAAD, PRAD, BLCA, BRCA, CHOL, COAD, LIHC, OV, SKCM, and STAD (Figure 6 and Supplementary Figure 10). Interestingly, microglial cells, M1 and M2 macrophages, macrophages, B cells, NK cells, astrocyte, neurons, neoplastic, oligodendrocyte, CAFs, T cells, endothelial cells, monocyte, neutrophils, smooth muscle cells, epithelial, cancer cells, stellate cells, endocrine cells, acinar cells, ductal cell type 1, TEC, and HPC-like were found to express CD93 in these cancers.




Figure 6 | Single-cell sequencing analyzing the co-expression of CD93 on tumor and stromal cells in the TME. Co-expression of CD93 on tumor and stromal cells in GBM (A), HNSC (B), KIRC (C), LUAD (D), PAAD (E), and PRAD (F).



Furthermore, we performed multiplex immunofluorescence staining to identify the relationship between CD93 and CD8 (marker for T cells), CD68 (marker for macrophages), and CD163 (marker for M2 macrophages) in these cancers. CD8 is labeled in pink, CD68 is labeled in red, CD163 is labeled in green, CD93 is labeled in rose red, and DAPI is labeled in blue (Figure 7M). WHOIII gliomas have higher CD93 expression than WHOII gliomas (Figure 7A). CD93 was found to be closely related to CD8 in GBM (Figure 7B), UTUC (Figure 7C), and PRAD (Figure 7L). CD93 was found to be closely related to CD68 in UTUC (Figure 7C), THCA (Figure 7F), CESC (SCC) (Figure 7G), PSCC (Figure 7I), OPV, and OV (Figure 7J), TGCT (Figure 7K), and PRAD (Figure 7L). In addition, CD163 was found to be closely related to CD93 expression in BLCA (Figure 7D), CESC (Figures 7G, H), and TGCT (Figure 7K). LSCC expressed more CD93 levels than the control (Figure 7E). Interestingly, CD93 protein levels appear to be higher in GBM than in LGG.




Figure 7 | Multiplex immunofluorescence staining identified the relationship between CD93 expression and CD8, CD68, and CD163 in tumor and normal samples. LGG (A), GBM (B), UTUC (C), BLCA (D), LSCC (E), THCA (F), CESC (G, H), PSCC (I), OPV and OV (J), TGCT (K), and PRAD (L). Staining for CD8, CD163, CD93, CD9, and DAPI (M). Scale bar=100um.





Prediction of tumor immunotherapy value based on CD93 expression

Finally, to systematically clarify the underlying value of CD93 as an immunotherapy target in these cancers, we predicted the immunotherapy response and sensitive drugs from the public databases (Figure 8). Based on the predictive role of classical biomarkers for response outcomes and OS in human immunotherapy cohorts, we calculated the biomarker correlation of CD93 by comparing it to these classical biomarkers. Of the total 25 immunotherapy cohorts, CD93 alone showed an AUC above 0.5 in 8 immunotherapy cohorts (Figures 8A, C). The predictive value of CD93 was higher than the B. Clonality with AUC value above 0.5 in seven immunotherapy cohorts. CD93 had the same predictive value as the TMB with an AUC value above 0.5 in 8 immunotherapy cohorts. The predictive value of CD93 was lower than the T.Clonality, MSI score, IFNG, and CD8, TIDE, and CD274, with AUC values above 0.5 in 9, 13, 17, 18, 18, and 21 immunotherapy cohorts, respectively. CD93 significantly predicted immunotherapy response in 4 immunotherapy cohorts, where responders were more likely to have high CD93 levels (Figures 8B, D). The ROC Plotter dataset analyzed the prediction of response to therapy targeting CD93 in breast, OV, GBM, and colorectal cancer. Results showed that the AUC of treatment with trastuzumab in breast cancer was 0.646 (Supplementary Figure 11A; P<0.05). The AUC of treatment with capecitabine in colorectal carcinoma was 0.677 (Supplementary Figure 11B; P<0.05). Therapeutic responses of CD93 in mechanistic follow-up experiments in the core dataset, immunotherapy dataset, CRISPR Screen dataset, and immune-suppressive cell types were predicted from the TIDE website (Figure 8E).




Figure 8 | Immunotherapy value and sensitive drug prediction of CD93 based on the public datasets. Immunotherapy response (A) and biomarker relevance (B) of CD93 in immunotherapy cohorts. Notes for the immunotherapy response (C) and biomarker relevance (D) of CD93.Therapeutic responses of CD93 in mechanistic follow-up experiments in the given datasets (E). Sensitive small compounds predicted from the CTRP (F) and GDSC (G) websites based on CD93 levels.



Then, we predicted the sensitive small molecule drugs through CTRP (Figure 8F) and GDSC (Figure 8G) datasets. The top five sensitive drugs were BRD-K30748066, isoliquiritigenin, teniposide, PHA-793887, and CR-1-31B based on CD93 expression from the CTRP dataset (Table S5; P<0.05). The top five sensitive drugs were VNLG/124, XMD14-99, CH5424802, TG101348, and 5-Fluorouracil based on CD93 expression from the GDSC dataset (Table S5; P<0.0001). The top three sensitive compounds were PF2341066, PD-0332991, and L-685458 based on CD93 expression from the CCLE dataset (Table S6; P<0.05). Triostin a, sb-253226, toxin. delta.53l, pederin, and euserotin were top-five sensitive compounds based on CD93 expression from the CellMiner dataset. In contrast, 2-[(3,4-dicloro) anilino]-3-phenyl-5,7-diamino quinoxaline, janus red, juncusol deriv (compound 1), 1,4-benzenediamine (9ci), n-butyl-n’-phenyl-, and 1-benzyl-3-hexadecyl-2-methylimidazolium chloride were top-five sensitive compounds based on CD93 methylation from the CellMiner dataset (Table S6; P<0.05). These small molecules have been found to play anti-tumor roles in several cancers. For example, CR-1-31B, a synthetic rocaglate and a potent eIF4A inhibitor, significantly reduced the growth and apoptosis of neuroblastoma and gallbladder tumor cells (43, 44). PHA-793887, a novel and potent inhibitor of CDK, showed promising efficacy in the human ovarian A2780, colon HCT-116, and pancreatic BX-PC3 cancer xenograft models (45, 46). VNLG/124 exhibited potent anti-proliferative effects in both hormone-insensitive/drug-resistant breast cancer cell lines and the hormone-insensitive PC-3 prostate cancer cell lines (47). Computational models for drug sensitivity prediction indicated XMD14-99 could act as a kinase inhibitor to exert efficacy in several cancer cell lines (47). Excitingly, our results indicated that CD93 expression is associated with prognosis. These results provide a theoretical basis for our preclinical and clinical cancer experiments targeting CD93 expression in the TME. However, there are also some limitations in our study. First, due to the relatively small samples of certain cancer types on the tissue microarray, it is difficult for us to quantify and perform statistical analyses. Second, the exact relationship between CD93 and tumor immunity and related signaling pathways in these cancers were not revealed through in vivo and in vitro study, more validated experiments are needed in the future.




Discussion

The previous study has demonstrated the critical role of CD93 in tumor vascularization and upregulated CD93 in tumor vessels as a potential malignant biomarker in several cancers. Given that the molecular characteristics of CD93 in pan-cancer remain unexplored, we performed large-scale single-cell and bulk sequencing analysis to identify the prognostic value and immune features of CD93 in these cancers. In our paper, we observed the mRNA expression of CD93 in 38 cancer cell lines, 31 cancer samples, and counterparts based on public databases. By combining TCGA and GTEX datasets, CD93 levels were higher in GBM, PAAD, STAD, CHOL, LGG, LIHC, KIRC, LAML, HNSC, TGCT, and SKCM than in normal controls. CD93 levels were lower in COAD, KIRP, ACC, CESC, UCEC, BRCA, BLCA, LUAD, PRAD, KICH, THCA, LUSC, and UCS than in controls. At the same time, the immunofluorescence staining showed that CD93 protein was upregulated in PSCC, LSCC, and TGCT than control samples while downregulated in THCA, UTUC, BLCA, and CESC than control samples. CD93 protein levels appear to be higher in GBM than in LGG. In addition, CD93 can serve as a stable prognostic biomarker in almost all cancers except ACC, BRCA, CHOL, DLBC, PAAD, PRAD, SKCM, and UCS. The survival difference between CD93 mutants and WT, CNV of CD93 and survival, the correlation between CD93 methylation and mRNA levels, and the survival difference between CD93 low and high methylation in pan-cancer were analyzed.

The pathological process of tumor formation, growth, and migration is regulated by genetic mutations in tumor cells and the dynamic interactions of the components in the TME (48, 49). Cancer cells, stromal cells, vascular system and extracellular matrix such as fibronectin, laminin, enzymes, and glycoproteins together form a complex and interconnected tumor microenvironment (50, 51). The tumor stromal cells are composed of CAFs, adipocytes, endothelial cells, pericytes, and immune cells, including M1 and M2 macrophages, T cells, B cells, neutrophils, microglia, monocyte, and NK cells (52, 53). These stromal cells play a crucial role in developing tumor, metastasis, immune infiltration, and chemoresistance by producing growth factors, cytokines, chemokines, pro-tumorigenic and anti-tumorigenic factors (54, 55). For example, CAFs are essential for the TME to remodel the extracellular matrix and mediate leukocyte infiltration (56). Increasing evidence showed that activated CAFs could regulate tumor cell invasion and growth by secreting soluble factors (exosomes, HGF and GAS6) and depleting metabolic factors (lactate, amino acid, alanine, and aspartate) (57). Meanwhile, CAFs induced the infiltration and activation of macrophages, endothelial cells, and T cells by producing VEGF, TGFβ, IL-6, CCL2, and CXCL12. Cancer-associated endothelial cells play an irreplaceable role in tumor cell growth and migration. A study in breast cancer treatment found that cancer-associated endothelial cells contribute to the production of CXCL1/2 and S100A8/9, which eventually led to breast cancer cell survival and drug resistance (58). Macrophages have the function of phagocytosing and digesting foreign antigens, and play a crucial role in clearing away cellular debris and tumor cells (59). Tumor-associated macrophages (M2) lose their ability to kill tumors due to the absence of phagocytosis, which eventually leads to the spread of tumor cells to other tissues and organs (60). The intratumoral T cells, a significant component of the infiltrated immune cells in the TME, comprises CD4+, CD8+, naïve, memory, effector, and regulatory T cells. These different T cell subtypes are essential mediators of anti-tumor immunity, recognizing and responding to tumor-expressed antigens (61).

In current paper, we observed  the co-expression of CD93 on tumor and stromal cells based on bulk and large-scale single-cell sequencing and tumor chips. Many stromal cells expressed high CD93 levels in the tumor microenvironment of pan-cancer, such as endothelial cells, B cells, T cells, neutrophils, myeloid dendritic cells, macrophages, monocyte, and hematopoietic stem cell. Notably, CD93 expression significantly correlated with these scores (immune, stromal, and estimate) in almost all cancers. Moreover, large-scale single-cell sequencing analysis demonstrated that macrophages, astrocytes, CAFs, T cells, B cells, endothelial cells, neutrophils, and cancer cells are the primary cells that expressed CD93 in the TME. Furthermore, the relationship between CD8, CD68, and CD163 in these cancers was verified by multiplex immunofluorescence staining. Furthermore, the functional signaling analysis indicated that many tumor immune-related pathways were enriched according to CD93 expression, such as immune cells (fibroblast, macrophages, and T cells) activation and migration, focal adhesion, leukocyte transendothelial migration, oxidative phosphorylation, and complement. These results invariably illustrate the pivotal role of CD93 in tumor immunity.

Immunotherapy, focusing on inhibiting immune checkpoints, has undoubtedly been the highest achievement of cancer treatment in the last decade. The programmed death 1 (PD-1)/programmed cell death-ligand 1 (PD-L1) and cytotoxic T-lymphocyte–associated antigen 4 (CTLA-4)/B7 are two classical immune checkpoint signaling pathways, which negatively mediate T cell immunity during the activation and proliferation of T cells under pathological conditions. Targeting PD1/PD-L1 and CTLA-4/B7 with specific inhibitors has demonstrated exciting preclinical and clinical efficacy in several cancers. This paper studied the correlation between CD93 and other classical immune checkpoints in pan-cancer. Data showed that the many immune checkpoints positively correlate with CD93 expression in many cancers, particularly NRP1, LAIR1, VSIR, and CD86. Predicting the immunotherapy value and the optimal individualized therapeutic drugs from public databases and computational models has been increasingly attractive in recent years (62–64). Biomarker correlations for CD93 were calculated in more than 20 immunotherapy cohorts to validate its predictive value. Out of a total of 25 immunotherapy cohorts, eight immunotherapy cohorts had AUC values above 0.5. The predictive value of CD93 was higher than the B.Clonality with AUC value above 0.5 in 7 immunotherapy cohorts. CD93 had the same predictive value as the TMB with an AUC value above 0.5 in 8 immunotherapy cohorts. Moreover, the predictive value of CD93 was lower than the T.Clonality, MSI score, IFNG and CD8, TIDE and CD274, with AUC values above 0.5 in 9, 13, 17, 18, 18 and 21 immunotherapy cohorts, respective. GDSC and CTRP are free, publicly available databases of over 500 small molecule compounds based on the therapeutic response of over 1000 genetically characterised human cancer cell lines. Ultimately, we discovered a lot of sensitive small molecules according to CD93 levels from the public datasets, such as CR-1-31B, PHA-793887, SR-II-138A, cytarabine hydrochloride, narciclasine, VNLG/124, XMD14-99, TG101348, CH5424802, and 5-Fluorouracil. These data will provide theoretical support for future clinical trials targeting CD93 in these cancers.



Conclusion

In this project, we comprehensively analyzed the prognostic value and immune profile of CD93 in pan-cancer using large-scale single-cell and bulk sequencing analysis. CD93 is highly involved in tumor immunity and may act as a novel immune checkpoint in immunotherapy of these cancers. Therefore, therapeutic strategies that block CD93 in the tumor microenvironment are expected to benefit patients with malignancies.
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Background

Osteosarcoma is the most frequent primary bone tumor with a poor prognosis. Immune infiltration proved to have a strong impact on prognosis. We analyzed single-cell datasets and bulk datasets to confirm the main immune cell populations and their properties in osteosarcoma.


Methods

The examples in bulk datasets GSE21257 and GSE32981 from the Gene Expression Omnibus database were divided into two immune infiltration level groups, and 34 differentially expressed genes were spotted. Then, we located these genes among nine major cell clusters and their subclusters identified from 99,668 individual cells in single-cell dataset GSE152048 including 11 osteosarcoma patients. Especially, the markers of all kinds of myeloid cells identified in single-cell dataset GSE152048 were set to gene ontology enrichment. We clustered the osteosarcoma samples in the TARGET-OS from the Therapeutically Applicable Research to Generate Effective Treatments dataset into two groups by complete component 1q positive macrophage markers and compared their survival.


Results

Compared with the low-immune infiltrated group, the high-immune infiltrated group showed a better prognosis. Almost all the 34 differentially expressed genes expressed higher or exclusively among myeloid cells. A group of complete component 1q-positive macrophages was identified from the myeloid cells. In the bulk dataset TARGET-OS, these markers and the infiltration of complete component 1q-positive macrophages related to longer survival.


Conclusions

Complete component 1q-positive tumor-associated macrophages were the major immune cell population in osteosarcoma, which contributed to a better prognosis.




Keywords: tumor-associated macrophages, osteosarcoma, immune infiltration, biomarker, single-cell sequencing technology

1  Introduction

Osteosarcoma (OS) represents the most frequent and primary bone sarcoma, which primarily affects children, adolescents, and young adults (1). The standard therapy for OS, comprising surgery and chemotherapy, was established in the 1980s and resulted in long-term survival in >60% of patients presenting with localized disease (2); however, limited therapeutic progress has been made since that time.

Infiltrating immune and stromal cells are essential for OS progression (1). The immune infiltration level was considered an important factor in response to immunotherapy and prognosis. Analyses of the tumor microenvironment (TME) of OS consistently demonstrate an immune cell infiltration consisting of both macrophages and T cells (1, 3, 4). Primary OS is demonstrated as “immune deserts,” devoid of T cells and NK cells (5, 6). Instead, myeloid cells were observed in large quantities (7). In the OS microenvironment, tumor-associated macrophages (TAMs) play a critical role in immunoreaction (8). However, among contradictory conclusions, it is still not clear if these myeloid cells or the TAMs contribute to tumor growth or tumor limitation.

In the analysis of the public dataset GSE150248, we found that TAMs were an essential population in the TME of OS. Generally, macrophages are considered as a plastic cell type because they can be polarized into different phenotypes. M1-type macrophages (M1) and M2-type macrophages (M2) are two major kinds of them. M1 can be induced by pathogen‐associated patterns such as lipopolysaccharides and interferon‐γ. M1 highly expresses interleukin 6 (IL‐6), IL‐1β, and tumor necrosis factor, which facilitate a proinflammatory response. M2 can be induced by IL‐4 and IL‐13, which turn on the expression of anti‐inflammatory cytokines, such as IL‐10 and ARG1. These are considered immune suppression and pro-tumor signals (9). Reprograming M2-like TAMs to M1-like TAMs exerts a synergistic effect in radiotherapy and overcoming chemoresistance in breast cancer (10–12). Macrophages can also be divided by where they were produced. TAMs are proved to be of dichotomous origin, from in situ proliferation marked by FOLR2 and the differentiation of circulating monocytes marked by TREM2 (13–15). It is reported that the M1 or M2 paradigm is an oversimplification, Tissue-resident macrophages are far more complex cells with a full range of identities and activation states (16). In human breast cancer, tissue-resident FOLR2+ macrophages instead of M1 or M2 are proved to associate with CD8+ T-cell infiltration and better prognosis (17).

Complete component 1q (C1Q), one of the three first components of the classical pathway, modulates both inflammation and repair progress (18). C1Q is a marker of a particular subpopulation of tissue-resident macrophages and TAMs, which often expresses CD206, HLA-DR, SEPP1, FOLR2, and APOE (19). In cancer, C1Q is usually regarded as a cancer-promoting factor (15, 20). In the classical pathway, C1Q generates the C5a production, which was proved as an immunosuppression and angiogenesis factor in cancer progression (21–23). C1Q can function as a pattern recognition receptor to apoptotic cells and extracellular vesicles before a non-inflammatory clearance by macrophages. In this case, macrophages produce M2 markers such as IL-10 and TGFβ (24).

Here, we explored the immune-related genes of OS. Especially, we mapped these genes among all the cell populations through a combination of bulk-sequencing and single-cell sequencing technology. We found that C1Q+ TAMs are the main immune cells in the OS TME. In detail, C1Q is an obvious immune-related gene expressed exclusively by myeloid cells. Moreover, this research found that C1Q, different from its pro-tumor characteristic in other cancers (15), seems to be an antitumor factor in OS. C1Q+ TAMs promote CD8+ T-cell dysfunction and tumor growth in the Lewis lung carcinoma mouse model (25). However, we noticed that C1Q+ TAMs act as an antitumor cell population in OS.


2  Materials and methods

2.1  Datasets for analysis and derivation of the gene list

Clinical and transcriptome data of OS patients were downloaded from the Therapeutically Applicable Research to Generate Effective Treatments (TARGET) database (https://ocg.cancer.gov/programs/target) and the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Dataset TARGET-OS contains 88 samples with both complete survival information and expression profiles. Dataset GSE21257 contains 53 OS samples with survival information and expression profiles. Dataset GSE32981 contains 23 samples with only expression profiles. Specific clinical information of 88 samples in the TARGET database and 53 samples in the GSE21257 dataset is separately listed in Supplementary Tables S7, S8. Dataset GSE152048, a single-cell dataset, contains tumor samples from 11 OS patients (five men and six women, 11–38 years old). There are eight osteoblastic OS lesions, including six primary, one recurrent, and one lung metastatic lesions, and three chondroblastic OS lesions including one primary, one recurrent, and one lung metastasis site. The workflow of this research is provided in Figure 1.



Figure 1 | Workflow of this research.




2.2  Samples clustered into high- and low-immune infiltrated groups and their immune cell scores evaluated

The samples in datasets GSE21257 and GSE32981 were clustered into high- and low-immune infiltrated groups by R. We used identified immune metagenes (26) and function hclust(x, method = “complete”) and cutree(x, k = 2) to divide the samples into two groups. Then, the overall survival was compared between two groups by the R package survival (https://CRAN.R-project.org/package=survival) and survminer (https://CRAN.R-project.org/package=survminer). The grouping of samples in dataset TARGET-OS was almost the same, except that the immune metagenes were replaced by C1Q+ TAM markers with a fold change larger than 0.25. Based on the normalized expression matrix, immune scores across OS specimens from the GSE21257 dataset were estimated using single-sample gene set enrichment analysis (ssGSEA). This algorithm infers the overall infiltration levels of immune cells in tumor tissues using gene expression signatures. The Kaplan–Meier overall survival curves were examined between groups, and the prognosis was compared by log-rank test.


2.3  Differential expression analysis, functional enrichment analysis, and gene set enrichment analysis

The limma, edgeR, and DESeq2 packages were applied for differential expression analysis (27–29). |Fold change (FC)| > 1.5 and adjusted p < 0.05 were set as the criteria of differentially expressed gene (DEG) identification. The enrichment analysis of DEGs was carried out via the clusterProfiler package, including Gene Ontology (GO) (30). Terms with adjusted p < 0.05 were significantly enriched. Gene set enrichment analysis (GSEA) evaluates microarray data at the level of gene sets. The DEGs identified from GSE21257 were used as the gene sets (30).


2.4  Single-cell data processing

Single-cell dataset GSE152048 was processed with the Seurat package (version 4.1.0; http://satijalab.org/seurat/). Each of the 11 samples generated a Seurat object by function Read10×. Next, we filtered out the cells with less than 300 expressed genes or with mitochondrial gene expression accounting for more than 10% of total expressed genes. The top 3,000 highly variable genes were picked up for the principal component analysis. Further, the doublets in each Seurat object were cleared out by the DoubletFinder package (version 2.0.3) (31). We integrated the 11 Seurat objects into one combined Seurat object by base function merge(). The batch effects were removed by the Harmony package (version 1.0). Functions FindNeighbors(x, reduction = “harmony”), FindClusters(x, resolution = 0.1), and FindAllMarkers(x) were applied to the cell clustering and cluster annotation. Fold change (FC) > 0.25 and adjusted p < 0.05 were set as the criteria of DEGs or markers between cell groups. 2D maps of the identified clusters were generated with the distributed Stochastic Neighbor Embedding or Uniform Manifold Approximation and Projection method. A similar procedure was applied during the subclustering analysis.


2.5  Cell–cell communication analysis with CellPhoneDB 2

CellPhoneDB 2 is a repository of ligand–receptor complexes and a statistical tool to predict the cell-type specificity of cell–cell communication via molecular interactions (32). The repository includes subunit architecture for both ligands and receptors, to accurately represent heteromeric complexes. We used CellPhoneDB 2 to calculate the interaction pairs between C1Q+ TAMs and the rest of the 13 clusters that gained after clustering and subclustering. Interaction pairs with a p-value less than 0.05 returned by CellPhoneDB 2 were picked up to draw an interaction bubble plot.

CellPhoneDB 2 was used in the python 3.7 environment; the rest of the analysis was presented using R version 4.1.2 (http://www.R-project.org) and its appropriate packages.



3  Results

3.1  High-immune infiltrated group showed a better prognosis in osteosarcoma

After clustering, 40 and 13 samples of dataset GSE21257 were divided into high- and low-immune infiltrated groups, respectively (Figure 2A). Then, we calculated the immune infiltration scores of these two groups by ssGSEA. The high-immune infiltrated group indeed showed a higher immune cell score, but it is kind of strange that all kinds of immune cell scores were lower in the low-immune infiltrated group (Figure 2B); especially, the low-immune infiltrated group indeed showed some highly expressed genes. Maybe it was one kind of immune cell that caused the highly expressed genes in both two groups. The high-immune infiltrated group had a better prognosis (Figure 2C). We performed a similar analysis progress, dividing samples and then calculating the immune scores using ssGSEA, on GSE32981 (Figure S1). There were 20 and 3 samples in GSE32981 that were divided into high- and low- immune infiltrated groups (Figure S1A). The high-immune infiltration group also showed a higher immune score (Figure S1B). A step further, DEGs between high-and low-immune infiltrated groups were respectively collected in datasets GSE21257 and GSE32981. The high-immune infiltrated group of GSE21257 got 146 higher expressed genes and 261 lower expressed genes. As for GSE32981, it got 110 higher expressed genes and 14 lower expressed genes. In a total of 240 higher expressed genes, 34 overlapped genes were picked up. We found no intersections between 275 lower expressed genes. Moreover, just like the survival plot depending on immune-related grouping, almost all of these 34 genes were bound up with better overall survival (Figures 2F, S2). GO biological process enrichment showed that those 34 gene genes were involved in the process of leukocyte and T-cell proliferation (Figure 2D). Further GSEA of DEG analyses showed the hallmarks of complement signaling, cytokine−cytokine receptor interaction, osteoclast differentiation, phagocytosis, and viral protein interaction with cytokine and cytokine receptor were highly enriched (Figure 2E).



Figure 2 | The overview of analyzing GSE21257. (A) There were 53 examples clustered into two groups by immune metagenes. (B) The score of 28 kinds of immune cells calculated by ssGSEA. The 53 examples were ordered by their immune groups instead of getting clustered. (C) The survival plot of high- and low- immune infiltrated groups. (D) Biological process enrichment of the 34 overlapped DEGs. (E) GSEA of the 34 overlapped genes; the top 5 terms were selected. All p-values are 1e-10, and all p.adjust are 1.447826e-09. (F) The survival plot of overlapped genes.




3.2  Macrophages are the main immune cell population in osteosarcoma

To explore the source of higher expressed genes, we analyzed the cell population of OS with the single-cell sequencing dataset GSE152048. After initial quality control assessment and doublet removal, we obtained single-cell transcriptomes from a total of 99,668 cells. These cells were clustered into nine groups. They are as follows: (0) 37,939 OS cells highly express SPP1, COL2A1, SOX9, and ACAN; (1) 21,067 myeloid cells highly express CD74, CD14, and FCGR3A; (2) 13,667 fibroblasts highly express COL1A1 and LUM; (3) 8,089 TILs including T and NK cells highly express IL7R, CD3D, and NKG7; (4) 7,699 proliferating OS cells highly express TOP2A, PCNA, and MKI67; (5) 7,307 osteoclasts highly express MMP9 and CTSK; (6) 3,646 endothelial cells highly express vWF, (7) 129 FABP4+ macrophages highly express FCGR3A and FABP4; and (8) 125 myoblasts highly express MYPL (Figures 3A–D). The violin plots show the expression level of one representative marker gene of each cell group, sequentially, except C1QA. It is more convenient to compare the expression of markers by dot plot (Figures 3B, C). COL1A1, a marker of fibroblasts and OS cells, is mainly expressed in fibroblasts and also in OS cells. In addition, ACAN is mainly expressed in OS cells but also in fibroblasts. First, seven clusters are distributed evenly among 11 patients (Figure 3D). The FABP4+ macrophage group and myoblast group, with very little cell number, consist mainly of cells in sample BC17. It is worth noting that the FABP4+ macrophages have an unusually high number of detected genes. We also calculated the DEGs in each cell group and the GO terms these genes enriched (Table S1). The markers in myeloid cells were enriched in immune response, myeloid cell activation, and myeloid cell differentiation (Table S2). We tried to match the 34 higher expressed DEGs to the certain cell groups identified here. The dot plot showed that these genes were largely expressed by myeloid cells and FABP4+ macrophages (Figure 3E).



Figure 3 | Single-cell transcriptomic analysis reveals the transcriptome of cells in the microenvironment of OS. (A) The t-distributed stochastic neighbor embedding (t-SNE) plot of the nine identified main cell types in OS lesions. (B) Violin plots showed the normalized expression levels of eight representative canonical markers across the nine clusters. (C) Representative marker expression in nine clusters of cells. Dot size indicates the proportion of cells expressing markers. Dot color shows the average expression level of the markers. (D) Distribution of the nine clusters among 11 patients with OS. (E) Dot plot of the 34 overlapped DEGs showing their expressing proportion and level among nine clusters.




3.3  .C1QA and other overlapped DEGs were mainly expressed by C1Q+ TAMs

As DEGs were expressed by myeloid cells and FABP4+ macrophages, we took the myeloid cell group to a subcluster analysis similar to the previous step. Myeloid cells were divided into nine clusters when the resolution was set as 0.5. We identified six cell groups from the nine clusters (Figures 4A–D). They are (1) 9,601 C1Q+ TAMs with high C1Q expression in clusters 0 and 1; (2) 3,516 monocytes with low C1Q expression and high G0S2 and S100A9 expression in cluster 2; (3) 1,072 C1Q+ osteoclasts with high C1Q, MMP9, and CTSK expression in cluster 5; (4) 609 C1Q+ fibroblasts with high C1Q, COL1A1, and LUM expression in cluster 7; (5) 79 FABP4+ macrophages with high FABP4 expression in cluster 8; and (6) 7,418 unknown cells in clusters 3, 4, and 6 (Figures 4A–D). The violin plot shows that CD14, CD74, and C1Q are expressed in all groups (Figure 4B). C1Q expresses the highest in C1Q+ TAMs and lower in monocytes and C1Q+ osteoclasts (Figure 4C, Table S3). Osteoclasts and fibroblasts identified previously barely express C1Q (Figure 3B). Then, we call these two groups of cells C1Q+ fibroblasts and C1Q+ osteoclasts since they express both C1Q and individual markers. They can also be special kinds of macrophages. The unknown cells have inconspicuous markers with a low fold change and uncertain gene ontology biological process (Tables S3, 4). The FABP4+ macrophages came from all 11 patients, a very small amount of which came from BC17 (Figure 4D). Figure 3D shows that the FABP4+ macrophage group mainly came from BC17. We consider that the two FABP4+ macrophage groups identified in twice clustering are the same. We compared marker genes of these cell groups and 34 DEGs obtained previously. There are 15 DEGs including C1QA found to be C1Q+ TAM markers Figure 4E, Table S3, 6 DEGs found to be monocyte markers. The GO enrichment of C1Q+ macrophage markers showed antigen processing and presentation and neutrophil activation (Figure 4F). We also set other cell groups to the GO analysis (Table S4).



Figure 4 | Myeloid cells subclustered and DEGs combined with these six cell groups. (A) The t-SNE plot of the nine identified clusters or six cell groups. (B) Violin plots showed the normalized expression levels of representative markers across the six cell groups (C) Representative markers expression in six cell groups. Dot size and color delivered the same meaning as the previous dot plot (D) Distribution of the nine clusters among 11 patients with OS. (E) Dot plot of the overlapped DEGs, which represented as C1Q+ TAM markers. The plot showed expressing proportion and level among six cell groups of these DEGs. (F) Biological process enrichment of C1Q+ TAM markers.




3.4  .C1Q+ TAM markers were better prognosis related and highly co-expressed

C1Q+ TAMs have 219 markers, we found that 5 of 10 top markers with the highest fold change were related to a better prognosis. They are C1QA, C1QB, FOLR2, LGMN, and APOE (Figure 5A). Similarly, we divided examples of dataset TARGET-OS into two groups by the result of the hierarchical cluster using the highly expressed markers of C1Q+ TAMs (Figure 5B). Moreover, the group with high C1Q+ macrophage marker expression showed a better overall survival (Figure 5C), which indicated that C1Q+ TAM infiltration plays an antitumor role. We calculated the co-expression coefficients between the 219 markers. We select C1QA, C1QB, and C1QC as a benchmark. The correlation coefficients among the three were 0.97, 0.97, and 0.98 in dataset TARGET-OS. In C1Q+ TAMs, it was 0.44. However, when we separated these C1Q+ TAMs by patients, the correlation coefficients of C1Q+ TAM markers from each patient evenly vary between 0.5 and 0.8 except BC2, BC3, and BC5 (Table S5). The difference could come from the heterogeneity of different patients’ TAMs and also the gene co-expressed between C1Q+ TAMs and other cells since other myeloid cells also express C1QA/B/C. We calculated the coefficients of the TAM markers for each patient, picked up the obvious co-expression genes, and drew the mean coefficients by Cytoscape (Figure 5D, Table S6). CD74, HLA-D, complement1, and apolipoprotein took the dominant role. Furthermore, we explored the cell–cell interactions and the ligand–receptor pairs between C1Q+ TAMs and other cell groups gained from the first clustering and subclustering (Figure 5E). Cell–cell interaction analysis by cellphone showed that C1Q+ TAMs mostly acted on endothelial cells. The ligand–receptor pairs are CCL2/CCL8-ACKR1, CXCL1/5/8-ACKR1, VEGFA-KDR/FLT1, TNF-FLT4, and CCR1–CCL14. We noticed that C1Q+ TAMs express higher CCL2 and lower VEGFA and CXCL8 (Table S3).



Figure 5 | Overview of analyzing C1Q+ TAMs group and its marker. (A) The survival plots of C1QA, C1QB, FOLR2, LGMN, and APOE. (B) Cluster 88 examples in TARGET-OS into two groups by C1Q+ TAM markers with a fold change larger than 0.25. (C) The survival plot of high- and low- C1Q+ TAM infiltration groups. (D) The co-expression among C1Q+ TAM markers. The larger co-expression coefficient gets redder and wider lines. (E) Bubble plots show ligand–receptor pairs between C1Q+ TAMs and other cell groups.





4  Discussion

The authors of dataset GSE21257 found that TAMs were associated with reduced metastasis and longer survival in high-grade osteosarcoma (33). We had similar findings, combining bulk datasets with a single-cell dataset. We reported more details about these TAMs in OS. Unlike many other kinds of tumors (15), we found that higher expressed C1Q was related to a better prognosis and the C1Q+ TAMs in OS were identified as an antitumor factor.

In the analysis of bulk datasets GSE21275 and GSE32981, we divided the examples into high- and low- immune infiltrated groups according to their hierarchical cluster results. Although the high-immune infiltrated groups showed that no kind of immune cell was lower infiltrated compared to the low-immune infiltrated groups, it showed better overall survival. Moreover, most of the DEGs were related to a better prognosis. These results portrayed an antitumor image of immune infiltration in OS. Next, we tried to identify immune components that play the most important role in the OS TME.

In order to minimize the error caused by the analysis method, we performed the differential expressing twice more using R packages edgeR and DESeq2 (Figure S3). We also mapped these DEGs in GSE152048 (Figure S4). They were mostly expressed by myeloid cells and C1Q+ TAMs. Then, we thought that the difference of the immune microenvironment is mainly caused by C1Q+ TAMs.

The analysis of GSE152048 showed that TAMs were the main immune cell population in OS. Further research showed that the DEGs gained from bulk datasets were enriched in C1Q+ TAMs, the markers of C1Q+ TAMs were related to a better prognosis, and the infiltration of C1Q+ TAMs went with better overall survival. These results indicated strongly that C1Q+ TAMs were just the main immune cell population against OS.

Although C1Q is regarded as a cancer-promoting factor (20), it has multiple regulatory effects on the immune system including inflammation and repair progress (18). C1Q could function as a pattern recognition receptor to opsonize apoptotic cells and extracellular vesicles. The extracellular vesicle-combined C1Q induces IL-10 and TGF-β production in macrophages (24). Moreover, IL-10 and TGF-β are known as immunosuppressive mediators and tumor promoters (34, 35). High-mobility group box 1 (HMGB1) and HMGB1 plus C1Q can respectively regulate inflammatory macrophage polarization. HMGB1 plus C1Q induced an anti-inflammatory phenotype by inhibiting IRF5, a regulator of pro-inflammatory macrophage polarization (36), when HMGB1 singly induced a pro-inflammatory phenotype by upregulating IRF5 (37). As the trigger of the classical pathway of complement, C1 can produce C3a and C5a through cascade reaction. C3a and C5a can modulate the immune microenvironment toward a pro-tumor or antitumor response. Tumor type and local concentrations of the anaphylatoxins matter in this regulation (38).

Some research depicted the possible ways that C1Q+ TAMs promote or limit tumors. In colorectal cancer, the RNA N+6-methyladenosine (m6A) program can regulate C1Q+ TAMs, which express multiple immunomodulatory ligands to modulate tumor-infiltrating CD8+ T cells. A low METTL14-m+6A level induces high levels of EBI3, a cytokine subunit, and finally leads to dysfunctional T cells (25). In clear-cell renal cell carcinoma, high densities of C1Q-producing TAMs contributed to the immunosuppressed microenvironment, in which a high expression of immune checkpoints was detected (39).

TAMs with different phenotypes could exert conversely on OS. M1 induced by interferon γ could secrete HSPA1L to promote OS cell apoptosis via IRAK1 and IRAK4 in vitro. HSPA1L can be upregulated by LGALS3BP secreted by OS cells binding to LGALS3 on M1 (40). M1 was thought to produce iNOS, oxygen intermediates, colony-stimulating factors, tumor necrosis factors, and interleukins to promote inflammation and to suppress OS. However, specific blockage of cytokines, nitric oxide, or reactive oxygen species did not inhibit the antitumor effect (41). M1 markers were found to enrich at the tumor interface region, whereas M2 markers were found to present throughout the whole tumor in OS pulmonary metastases (7). M2 could be recruited by IL34 and promote osteosarcoma growth (42). IL10-polarized M2 could suppress OS in the presence of the anti-EGFR cetuximab (41). M2 enhanced metastasis of OS cells to the lungs in mice, and all-trans retinoic acid inhibited this metastasis via inhibiting the M2 polarization (43). GNG12 was a highly effective biomarker for osteosarcoma; high GNG12 related to a better prognosis and lower M1 and M2 scores (44). the Rab22a-NeoF1 fusion protein promotes M2 polarization by activating STAT3 and subsequently facilitates lung metastases (45). In lung metastases, M2 correlated with curtailed patient survival could be induced by exosomes (4). Systemic administration of PLX3397, a CSF1R inhibitor, significantly suppressed the primary tumor growth and lung metastasis. After treatment, both M1 and M2 were depleted and the infiltration of CD8+T cells increased (46). Especially, CD163+ TAMs were reported to be crucial better prognostic biomarkers in OS (47). CD163 was also a marker of C1Q+ TAMs (Table S3). We tried to find if there was a certain subtype of TAMs such as M1 and M2 among the C1Q+ TAMs as previous research summarized several conditions of macrophages and their markers (48–50). The difference in the direction of polarization macrophages has long been found, but we could not identify subclusters from C1Q+ TAMs; the markers of M1 and M2 did not show an obvious difference among them (Figure S5). Combined with the findings in bulk data, the samples were grouped according to immune-related genes, and then the immune cells of the two groups were scored. There were no immune cells with a high score in the low-immune infiltrated group. These genes include antitumor and pro-tumor genes, and cells also include antitumor and pro-tumor cells. If there were enough tumor-suppressor immune cells except TAMs in OS, the low-immune infiltrated group should have at least one main immune cell with high score. Bulk data suggest that immunosuppressive cells in OS are not easy to be observed. In the single-cell dataset, the classical M2 macrophages and M1 macrophages could not be clearly distinguished. There might be only one major immune cell in OS. They are C1Q+ TAMs, which suppress tumors. We noticed that some other researchers had worked on the TAM population in human breast cancer, which was defined by APOE, APOC, and C1Q expression. They found that a subset of FOLR2+ TAMs correlates with increased survival in patients with breast cancer. The C1Q+ TAMs and FLOR2+ TAMs described by our research and Nalio Ramos et al. are very similar. Both of them are defined by markers such as APOE, FLOR2, CCL18, F13A1, MRC1, SLC40A1, and SELENOP (SEPP1) (17). They described FOLR2+ TAMs as tissue-resident macrophages, whereas they failed to recognize M1- or M2-polarized macrophages in their dataset.

We tried to explain the tumor-limiting function of C1Q+TAMs by cell–cell interaction. Cellphone analysis suggested that C1Q+ TAMs act mainly on endothelial cells by the ACKR1-related pathway (Figure 5E). ACKR1 or DARC is a receptor for chemokines on erythrocytes and endothelial cells. It is not clear how ACKR1 expression contributes to the development and outcome of human diseases. At first, ACKR1 was regarded as a neutralizer of chemokine instead of a signal transmitter, but now it is reported that chemokines retain their biological activity after binding to DARC [spice] (51, 52). When overexpressed in endothelial cells, ACKR1 decreased the pro-angiogenic properties of chemokines (53). Further research about the interaction between TAMs and endothelial cells is required.

Some other subclusters of myeloid cells are also worth paying attention. We detected FABP4+ macrophages just like previous authors did (54). They have a small amount of 208 cells. The mean number of detected genes of these FABP4+ macrophages roared over 3,000, whereas the mean number of the rest was lower than 2,000. We thought that these cells were homologous doublets. The subcluster monocytes highly expressed S100A8 and S100A9. S100A8 and S100A9, molecular markers promoting pre-metastatic niche formation, can cause an expansion of myeloid-derived suppressor cells, thereby contributing to an immunocompromise (55, 56). There were 1,072 myeloid cells identified as C1Q+ osteoclasts, whereas there were 7,307 normal osteoclasts. Osteoclasts are multinucleated members of the monocyte/macrophage family, working as skeletal remodelers. OS cells mediated bone destruction by activated osteoclasts and obtained higher OS aggressiveness (57). However, in advanced OS, osteoclasts were proved to prevent metastatic osteosarcomas (58). Osteoclasts can secrete C1Q just like Kupffer cells in the liver and microglia in the brain. In turn, C1Q strongly promotes osteoclasts derived from monocytes (59). We noticed that there were CD74+LUM+C1Q+ cells. It might be a distinct TAM-induced extracellular matrix molecular signature (19). In the orthotopic colorectal cancer model, monocyte-derived TAMs promote tumor development by remodeling its extracellular matrix composition and structure (19).


5  Conclusion

This analysis revealed that a higher immune infiltration level improves the overall survival of OS patients and most of the high expression of immune infiltration-related genes links to better survival. Especially, we report C1Q as an antitumor factor in osteosarcoma. C1Q+ TAMs, marked by high C1QA/B/C, APOE/C, FLOR2, SLC40A1, SEPP1, and MRC1 expression, contribute to a better prognosis in OS patients. C1Q+ TAMs are the major immune cells in the OS TME. This study provided the image of how immune cells influence prognosis in osteosarcoma and C1Q+ TAMs that can be therapeutic target cells to improve the osteosarcoma treatment.
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Overall GSE13507 TCGA _Test TCGA Train P
n 569 165 200 204
Age [mean (SD)] 67.25 (11.10) 65.18 (11.97) 69.10 (9.91) 67.12 (11.21) 0.003
Gender = female/male (%) 135/434 (23.7/76.3) 30/135 (18.2/81.8) 47/153 (23.5/76.5) 58/146 (28.4/71.6) 0.071
Grade (%) <0.001
High grade 440 (77.3) 60 (36.4) 185 (92.5) 195 (95.6)
Low grade 126 (22.1) 105 (63.6) 13 (6.5) 8(3.9)
Unknown 3(05) 0(0.0) 2(1.0) 1(0.5)
T (%) <0.001
T1 83 (14.6) 80 (48.5) 2(1.0) 1(0.5)
T2 150 (26.4) 31(18.8) 63 (31.5) 56 (27.5)
T3 210(36.9) 19 (11.5) 87 (43.5) 104 (51.0)
T4 69 (12.1) 167 33 (16.5) 25 (12.3)
Ta 24 (4.2) 24 (14.5) 0(0.0) 0(0.0)
Unknown 33(5.8) 0(0.0) 15 (7.5) 18 (8.8)
M (%) <0.001
MO 352 (61.9) 158 (95.8) 95 (47.5) 99 (48.5)
M1 18(3.2) 742 6(3.0) 5(2.5)
MX 197 (34.6) 0(0.0 97 (48.5) 100 (49.0)
Unknown 2(04) 0(0.0) 2(1.0 0(0.0
N (%) <0.001
NO 386 (67.8) 151 (91.5) 115 (57.5) 120 (58.8)
N1 54 (9.5) 8(4.8) 22 (11.0) 24 (11.8)
N2 79 (13.9) 4(2.4) 37 (18.5) 38 (18.6)
N3 8(1.4) 1(0.6) 4(2.0) 3(1.5)
NX 37 (6.5) 1(0.6) 19 (9.5) 17 8.3)
Unknown 5(09) 0(0.0) 3(1.5) 2(1.0)
Status = dead (%) 245 (43.1) 69 (41.8) 90 (45.0) 86 (42.2) 0.787
PCSI (median [IQR]) 0.95[0.72, 1.33] 1.00 [0.69, 1.34] 0.92 [0.70, 1.26] 0.96 [0.75, 1.33] 0.658
Risk = high/low (%) 283/286 (49.7/50.3) 90/75 (54.5/45.5) 91/109 (45.5/54.5) 102/102 (50.0/50.0) 0.227

Prognostic cell senescence index (PCSI).
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Genes HR Low 95% CI Up 95% CI p-Value
CTHRC1 1.006 1.001 1.011 0.010
FBN1 1.092 1.022 1.167 0.009
HIC1 0.700 0.511 0.960 0.027
GRIN1 0.519 0.274 0.984 0.045
SFRP4 0.987 0.977 0.998 0.022
COL11A1 1.084 1.043 1.127 <0.001
SOX17 0.995 0.991 0.998 0.005
SZH2 1.071 1.014 1.131 0.013
AURKA 1.053 1.014 1.093 0.007
POSTN 1.017 1.001 1.033 0.042
SPDEF 0.993 0.989 0.998 0.002
IL6 1.016 1.005 1.028 0.006
FOXA2 0.981 0.963 0.999 0.039
ONECUT2 1.253 1.049 1.497 0.013
HOXB9 1.008 1.002 1.013 0.005
APLP1 1.013 1.002 1.025 0.027
DLX4 1.239 1.134 1.354 <0.001
BIRC5 1.022 1.006 1.039 0.012
NTRK3 3.122 1.002 9.732 0.050
FBN2 1.013 1.001 1.026 0.028
CPEB1 1.806 1.066 3.059 0.028
HMGB3 1.018 1.004 1.033 0.012
MSX1 0.998 0.997 0.999 0.002
TIMP2 1.013 1.005 1.021 0.001
PCSK1 1.054 1.023 1.085 <0.001
MMP1 1.016 1.007 1.091 <0.001
TNF 1.033 1.013 1.054 0.001
DLX2 1.048 1.007 1.001 0.023
VCAM1 1.085 1.006 1.171 0.034
TPM1 1.029 1.002 1.058 0.036
SIX1 1.060 1.024 1.008 <0.001

EMT, epithelial-mesenchymal transition; EC, endometrial cancer.
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Variable

Training set (n = 153)
Age
histological_type
Grade

Stage

riskScore

Testing set (n = 358)
Age
histological_type
Grade

Stage

riskScore

Entire set (n = 511)
Age
histological_type
Grade

Stage

riskScore

Univariable model

HR

2.024
2.888
2939
4.446
1.105

1.397
3.501
5.407
3.413
1.036

1.778
3.044
3.363
4116
1.048

95% ClI

1.115-3.675
1.754-4.755
1.176-7.342
2.680-7.374
1.075-1.136

0.633-3.086
1.609-7.618
0.732-39.947
1.5675-7.398
1.012-1.061

1.112-2.843
2.003-4.624
1.467-7.710
2.700-6.275
1.033-1.062

p-Value

0.021
3.05E-05
0.021
7.53E-09
1.53E-12

0.408
0.002
0.098
0.002
0.003

0.016
1.84E-07
0.004
4.82E-11
6.81E-11

Multivariable model

HR

1.698
1.625
1.248
3.361
1.084

2.903

2.251
1.033

1.498
1.940
1.479
3.014
1.038

95% ClI

0.901-3.199
0.929-2.841
0.461-3.381
1.914-5.902
1.054-1.116

1.264-6.670

0.974-5.202
1.006-1.061

0.915-2.454
1.219-8.087
0.609-3.592
1.892-4.799
1.021-1.054

p-Value

0.101

0.089

0.663
2.43E-05
3.34E-08

0.012

0.058
0.016

0.108

0.005

0.387
3.38E-06
5.15E-06

EMT, epithelial-mesenchymal transition.
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Description

B cell

T cell (general)

CD8+ T cell

Monocyte

TAM

M1 Macrophage

M2 Macrophage

Neutrophils

Natural killer cell

Dendritic cell

Thl

Th2

Tth

Th17
Treg

T cell exhaustion

Gene markers

CD19
CD79A
CD3D
CD3E
CD2
CDSA
CD8B
CD86
CSFIR
CCL2
CD68
IL10
NOSs2
IRF5
CD163
VSIG4
MS4A4A
CEACAMS
ITGAM
CCR7
KIR2DL1
KIR2DL3
KIR3DL1
KIR3DL2
KIR3DL3
KIR2DS4
CDIC
THBD
NRP1
IL3RA
ITGAX
TBX21
STAT4
STAT1
IFNG
TNF
GATA3
STAT6
STAT5A
IL13
BCL6
121
IL17A
FOXP3
CCR8
STAT5B
TGFB1
PDCD1
CTLA4
HAVCR2
GZMB

GBM

Cor
0316
0.405
0.582
0.544
0.605
0.243
0.393
0.752
0.59
0.406
0.623
0.74
-0.017
0.392
0.591
0.737
0.884
-0.228
0.398
0.501
0.184
0.025
0.066
0.099
0.084
0.118
0.384
0.356
0.208
0.029
0.151
0.29
0.245
0.191
0.186
0.23
0.175
0.265
0.228
-0.122
-0.153
0.03
-0.169
0.121
0.462
-0.199
0319
0.362
045
0.66
0373

ns

ns

ns

ot

ot

ot

ns

ns

ns

LGG

Cor
0.375
0.42
0.543
0.595
0.613
0.163
0.24
0.738
0.568
0.466
0.805
0.601
-0.233
0.669
0.750
0.651
0.893
0.011
0.593
0.436
0.043
0.226
0.071
0.232
-0.022
0.242
0.511
0.352
0.387
0.118
0.484
0.372
-0.276
0.428
0.252
0.227
0.42
0.348
0.602
-0.015
0.169
0.085
-0.005
-0.126
0.227
0.075
0.608
0568
0359
0714
0342

ns

ns

ns

ns

ns

ns

ns

ns

ns

LGG, low grade glioma; TAM, tumor-associated macrophage; Th, T helper cell; Tfh,
Follicular helper T cell; Treg, regulatory T cell; Cor, R value of Spearman's correlation;
None, correlation without adjustment; Purity, correlation adjusted by purity. ns, P > 0.05;
*P < 0.05; **P < 0.01; ***P < 0.001.





OPS/images/fimmu.2022.865020/table1.jpg
HR

CGGA1

95% CI

Univariate Cox regression analysis

3.089-4.654
0.868-1.297
1.018-1.035
2.510-3.812
2.691-5.177
1.01-1.566
1.938-2.993

1.594-2.905
1-1.018
1.09-1.987
1.337-3.056
0.870-1.404

Grade 3.791
Gender 1.061
Age 1.026
IDH status 3.093
1p19q status 3.733
MGMTp status 1.257
MS4A6A 2.409
Multivariate Cox regression analysis
Grade 2.152
Age 1.009
IDH status 1.472
1p19q status 2.021
MGMTp status 1.105
MS4A6A 1.618

1.206-2.17

< 0.001
0.563
< 0.001
< 0.001
< 0.001
0.041
< 0.001

< 0.001
0.043
0.012
0.001
0412
0.001

HR

4.888
0.924
1.033
2777
5.887
1.196
4.168

2.529
1.014
1.013
3573
1.101
2,634

CGGA2

95% CI

3.636-6.571
0.702-1.216
1.02-1.046
2.099-3.674
3.608-9.606
0.909-1.573
2.668-6.511

1.799-3.554
1.001-1.026
0.704-1.459
2.096-6.09
0.820-1.479
1.627-4.264

<0.001
0.572
<0.001
<0.001
< 0.001
0.202
<0.001

< 0.001
0.035
0.943

< 0.001
0.522

<0.001

HR

10.884
1.092
1.074
8.840
3.820
3.223
3314

2257
1.052
2.645
2.140
1.187
1.415

TCGA

95% CI

7.783-15.221
0.824-1.447
1.062-1.086
6.561-11.91
2.449-5.957
2.419-4.294
2.449-4.484

1.506-3.383
1.039-1.066
1.667-4.196
1.286-3.562
0.838-1.682
1.000-2.004

< 0.001
0.541
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

< 0.001
< 0.001
< 0.001
0.003
0.334
0.041
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Characteristic TCGA-BLCA cohort

(n =407)
Number %

Age (years)

<65 161 39.6

>65 246 60.4
Gender

Male 301 74.0

Female 106 26.0
Histological grade

Low stage 20 5.0

High stage 384 94.3

Unknow 3 0.7
Pathological stage

Stage | 2 0.5

Stage Il 129 31.7

Stage Ill 141 34.6

Stage IV 133 32.7

Unknown 2 0.5
T stage

T1 4 1.0

T2 118 29.0

T3 194 47.7

T4 58 14.3

Unknown 33 8.0
N stage

NO 237 58.2

N1 45 111

N2 76 18.6

N3 Vg 1.7

NX 42 10.4
M stage

MO 195 47.9

M1 11 2.7

MX 201 49.4
Outcome

Alive 250 61.4

Dead 167 38.6

BLCA, bladder cancer: TCGA, The Cancer Genome Atlas.
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Characteristics Case riskscore P value

Low High
All cases 31 15 16
Age 1
<65 13 6 7
>65 18 9 9
Gender 1
Male 24 12 12
Female 7 3 4
T stage 0.034
Ta 4 4 0
T 9 2 7
T2 9 5 4
T3 6 4 2
T4 3 0 3
N stage 0.484
NO 27 138 14
N1 0 0 0
N2 2 0 2
N3 1 1 0
Nx 1 1 0
M stage 0.461
MO 26 12 14
M1 4 3 1
Mx 1 0 1
Grade 0.654
Low 6 2 4
High 25 138 12
Smoke 0.473
Yes 12 7
No 19 8 "
Recurrence
Yes 10 5 5 1

No 21 10 il






OPS/images/fimmu.2022.803355/fimmu-13-803355-g005.jpg
Immune ool

log2(TPM+1)

o 1 . n*::k' o . st T:M' - nn‘“v;' -
1 ot e e s M ) ; ;
== [S—— J— i ,
-« g : H .
= Dot Ror— H i
. [ 3
H
= E=== e [ | * i
| Metods " i
: § | e = = = = = =
0 " - -
- | @ men [re— [r— o " .
. ® aunmse
. © nerconen
= *® e [rm— i F Risk B lov B8 hgh G Risk B8 ox W Hgn H Risk B3 on B nign
. cosmeort xoe
o CIBERSORT
= S | oo \ 6 oot ouose 38 e
= — [— e .
. S ! = 5 s
= o. [rep— Teats o memcry sty 2 8 . g oo
o S 2 N z
rS - NK calls resting. T ook GDA mane. é % - %
5 . o, Py i [ f
. g H H
52 g 3
. s 8 & & 50
e > Correlation coefficient = &
o Ton ow igh o on
Risk Risk
10
Group
(@ highrisk
“ 18 fowrisk
s
) | A . |
N .h Aﬁ - “&kﬂn Aﬁ-.- u"ﬁ& a - - - “& R ol
00 DO T 0 2 P S FLGE RS 8 S F LD PP DD O I DX @ PHEE DO P O DD PD D L@ FRD DS DD G P O
T N F ST v<;9&>c T e S S e S S S T N S S e ST e R S o T 1 o P ¥ ST T T
FSEET VCEFRTINF T T P S EEGTET O ST R OF T FE LS I I ST I I I T L LI F S TS
S G0 & ET eSS FFEES & Y SIS OTYIPIYIY T EES





OPS/images/fimmu.2022.803355/fimmu-13-803355-g006.jpg
score.

100

Group
Bl ieni
18] ok

Log2(TPM+1)

¢ j 1. X' ‘}

1’

.

& &S & g h\
»\9&\»0\*&0&5\ C&F\

&

& 5
&”\é’
&





OPS/images/fimmu.2022.803355/M1.jpg





OPS/images/fimmu.2022.803355/table1.jpg
Gene

OCIAD1-AS1
LINC00942
AL049840.5
AC005261.1
AC008035.1
SNHG18
PSMB8-AS1
MAFG-DT
AL024508.1
AL136084.3
LINC02195
AC116366.1

Ensemble ID

ENSG00000248256.1
ENSG00000249628.3
ENSG00000269958.1
ENSG00000268205.1
ENSG00000272369.1
ENSG00000250786.2
ENSG00000204261.9
ENSG00000265688.2
ENSG00000272189.1
ENSG00000267026.5
ENSG00000236481.1
ENSG00000234290.2

HR, hazard ratio; IncRNA, long noncoding RNA.

Location

chr4:48,852,008-48,860,203
chr12:1,500,525-1,504,424
chr14:1083,696,353-103,697,163
chr19:57,304,305-57,308,562
chr12:46,537,502-46,652,550
chr5:9,546,200-9,550,609
chr6:32,844,108-32,846,484
chr17:81,927,829-81,930,753
chr6:136,550,661-136,552,554
chr9:98,847,231-98,872,403
chr16:26,584,755-26,594,813
chr5:132,468,890-132,473,043

B (Cox)

-0.6881175
0.01300705
0.38852869
-0.0715262
-0.1459938
-0.0098145
-0.0994647
0.1041579
-0.3126264
0.26628244
-0.1477065
-0.1792917

HR

0.60692147
1.01658149
1.22031272
0.90203259
0.79041647
0.98915525
0.93392805
1.06325755
0.79582983
1.29445181
0.91785548
0.73672008

P

0.00082398
0.00452522
0.01611728
0.00115463
0.01132062
0.01298739
0.00108726
0.0001518
0.00313973
0.0009828
0.03986348
0.00259579
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G0:0032731  positive regulation of interleukin-1 beta production hsa00830 Retinol metabolism
GO:0032651 regulation of irterleukin-1 beta production hsa00140 Steroid hormone biosynthesis
G0:0032732 positive regulation of interleukin-1 production hsa04514 Cell adhesion molecules
GO0:0032611 interleukin-1 beta production hsa03320 PPAR signaling pathway
600032652 regulation of interleukin-1 production hsa05412 Arthythmogenic right ventricular cardiomyopathy
GO:0032612 interleukin-1 production hsa00980  Metabolism of xenobiotics by cytochrome P450
G0:0001819 positive regulation of cytokine production hsa05204 ‘Chemical carcinogenesis
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