

[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 978-2-83251-417-7
DOI 10.3389/978-2-83251-417-7

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





Molecular basis of epigenetic regulation in cancer therapies

Topic editors

Ángeles Carlos Reyes – National Institute of Respiratory Diseases-Mexico (INER), Mexico

César López-Camarillo – Universidad Autónoma de la Ciudad de México, Mexico

Guillermo Barreto – UMR 7365 CNRS-Université de Lorraine, Biopôle de l’Université de Lorraine, France

Heriberto Prado-Garcia – National Institute of Respiratory Diseases-Mexico (INER), Mexico

Susana Romero-Garcia – National Autonomous University of Mexico, Mexico

Citation

Reyes, Á. C., López-Camarillo, C., Barreto, G., Prado-Garcia, H., Romero-Garcia, S., eds. (2023). Molecular basis of epigenetic regulation in cancer therapies. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-83251-417-7





Table of Contents




Editorial: Molecular basis of epigenetic regulation in cancer therapies

Angeles Carlos-Reyes, Susana Romero-Garcia, César López-Camarillo, Guillermo Barreto and Heriberto Prado-Garcia

Prognostication of Pancreatic Cancer Using The Cancer Genome Atlas Based Ferroptosis-Related Long Non-Coding RNAs

Jiayu Li, Jinghui Zhang, Shuiliang Tao, Jiaze Hong, Yuyan Zhang and Weiyan Chen

MiR-372-3p Functions as a Tumor Suppressor in Colon Cancer by Targeting MAP3K2

Yana Li, Fuqiang Li, Chang Feng, Tingting Wu, Yuyang Chen, Junaid Ali Shah, Fei Wang, Yong Cai, Jianfeng Wang and Jingji Jin

Transcriptomic and Drug Discovery Analyses Reveal Natural Compounds Targeting the KDM4 Subfamily as Promising Adjuvant Treatments in Cancer

Aylin del Moral-Morales, Marisol Salgado-Albarrán, Elizabeth Ortiz-Gutiérrez, Gerardo Pérez-Hernández and Ernesto Soto-Reyes

Genetic and Epigenetic Signatures in Acute Promyelocytic Leukemia Treatment and Molecular Remission

Veronika Borutinskaitė, Andrius Žučenka, Aida Vitkevičienė, Mindaugas Stoškus, Algirdas Kaupinis, Mindaugas Valius, Eglė Gineikienė and Rūta Navakauskienė

Epigenetic Regulations of Perineural Invasion in Head and Neck Squamous Cell Carcinoma

Pavel Hurník, Zuzana Chyra, Tereza Ševčíková, Jan Štembírek, Kateřina Smešný Trtková, Daria A. Gaykalova, Marcela Buchtová and Eva Hrubá

A New Risk Model Based on 7 Quercetin-Related Target Genes for Predicting the Prognosis of Patients With Lung Adenocarcinoma

Yun-Qiang Zhang, Kai Li, Qiang Guo and Dan Li

Prognostic Significance of Lineage Diversity in Bladder Cancer Revealed by Single-Cell Sequencing

Lu Yu, Rixin Hu, Guoyu Peng, Qiuxia Ding, Tao Tao and Song Wu

Members of the Chromobox Family Have Prognostic Value in Hepatocellular Carcinoma

Chenxi Pan, Nan Luo, Kun Guo, Wenbo Wang, Lei Li, Ning Fan and Yu Tian

KIF2C is a Biomarker Correlated With Prognosis and Immunosuppressive Microenvironment in Human Tumors

Xiuyuan Zhang, Yiming Li, Pengbo Hu, Liang Xu and Hong Qiu

Epigenetic and Transcriptomic Regulation Landscape in HPV+ Cancers: Biological and Clinical Implications

Rosario Castro-Oropeza and Patricia Piña-Sánchez

N6-methyladenosine RNA methylation regulator-related alternative splicing gene signature as prognostic predictor and in immune microenvironment characterization of patients with low-grade glioma

Aierpati Maimaiti, Abudireheman Tuersunniyazi, Xianghong Meng, Yinan Pei, Wenyu Ji, Zhaohai Feng, Lei Jiang, Zengliang Wang, Maimaitijiang Kasimu, Yongxin Wang and Xin Shi

A comprehensive pan-cancer analysis of the expression characteristics, prognostic value, and immune characteristics of TOP1MT

Lihong Fei, Zhimin Lu, Yufen Xu and Guoxin Hou

Identification of Autophagy-Related LncRNA to Predict the Prognosis of Colorectal Cancer

Ling Duan, Yang Xia, Chunmei Li, Ning Lan and Xiaoming Hou

Molecular basis of epigenetic regulation in cancer diagnosis and treatment

Sonam Tulsyan, Mehreen Aftab, Sandeep Sisodiya, Asiya Khan, Atul Chikara, Pranay Tanwar and Showket Hussain

Signature based on RNA-binding protein-related genes for predicting prognosis and guiding therapy in non-small cell lung cancer

Ti-Wei Miao, Fang-Ying Chen, Long-Yi Du, Wei Xiao and Juan-Juan Fu

The pattern of expression and prognostic value of key regulators for m7G RNA methylation in hepatocellular carcinoma

Jianxing Chen, Shibin Yao, Zhijuan Sun, Yanjun Wang, Jili Yue, Yongkang Cui, Chengping Yu, Haozhi Xu and Linqiang Li

Epigenetic factors in breast cancer therapy

Runjhun Mathur, Niraj Kumar Jha, Gaurav Saini, Saurabh Kumar Jha, Sheo Prasad Shukla, Zita Filipejová, Kavindra Kumar Kesari, Danish Iqbal, Parma Nand, Vijay Jagdish Upadhye, Abhimanyu Kumar Jha, Shubhadeep Roychoudhury and Petr Slama

Histone deacetylases modulate resistance to the therapy in lung cancer

Estefanía Contreras-Sanzón, Heriberto Prado-Garcia, Susana Romero-Garcia, David Nuñez-Corona, Blanca Ortiz-Quintero, Cesar Luna-Rivero, Victor Martínez-Cruz and Ángeles Carlos-Reyes

LncRNAs-associated to genomic instability: A barrier to cancer therapy effectiveness

Marco A Andonegui-Elguera, Rodrigo E. Cáceres-Gutiérrez, Diego Oliva-Rico, José Díaz-Chávez and Luis A. Herrera

Distinct clinical pattern of colorectal cancer patients with POLE mutations: A retrospective study on real-world data

Miao Jiang, Yongliang Jia, Jinming Han, Jianxiang Shi, Chang Su, Rui Zhang, Menglu Xing, Shuiling Jin and Hong Zong



		EDITORIAL
published: 10 January 2023
doi: 10.3389/fgene.2022.1115353


[image: image2]
Editorial: Molecular basis of epigenetic regulation in cancer therapies
Angeles Carlos-Reyes1, Susana Romero-Garcia2, César López-Camarillo3, Guillermo Barreto4 and Heriberto Prado-Garcia1*
1Laboratorio de Onco-Inmunobiología, Departamento de Enfermedades Crónico-Degenerativas, Instituto Nacional de Enfermedades Respiratorias “Ismael Cosio Villegas”, Mexico City, Mexico
2Facultad de Ciencias, National University of Mexico, Mexico City, Mexico
3Posgrado en Ciencias Genómicas, Universidad Autónoma de la Ciudad de México, Ciudad de Mexico, Mexico
4Laboratoire IMoPA, UMR 7365 CNRS-Université de Lorraine, Biopôle de l'Université de Lorraine, Vandoeuvre-lès-Nancy Cedex, France
Edited and reviewed by:
Anton A. Buzdin, European Organisation for Research and Treatment of Cancer, Belgium
* Correspondence: Heriberto Prado-Garcia, hpradog@yahoo.com
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 03 December 2022
Accepted: 29 December 2022
Published: 10 January 2023
Citation: Carlos-Reyes A, Romero-Garcia S, López-Camarillo C, Barreto G and Prado-Garcia H (2023) Editorial: Molecular basis of epigenetic regulation in cancer therapies. Front. Genet. 13:1115353. doi: 10.3389/fgene.2022.1115353

Keywords: chemoresistance, epigenetics, chemotherapy, bioinformatics, cancer hallmarks
Editorial on the Research Topic 
Molecular basis of epigenetic regulation in cancer therapies


1 INTRODUCTION
Cancer is not only a genetic disease, but it also comprehends epigenetic changes. Hanahan proposed non-mutational epigenetic reprogramming as an emerging cancer hallmark, applicable across multiple malignant tumors (Hanahan, 2022). As the reader can see in the articles contained in our research topic, non-mutational epigenetic programming is a common trait. As such, it promotes tumor development, is associated with a poor prognosis, and can be targeted for therapy. Castro-Oropeza and Pina-Sanchez comprehensively review the epigenetic alterations induced by human papillomavirus (HPV); conversely, Hurnik et al. review several epigenetic changes found in head and neck squamous cell carcinoma (HNSCC) (Hurnik et al.). Castro-Oropeza and Pina-Sanchez review focuses on alterations induced by HPV, while Hurnik’s centers on the external factors of tobacco and alcohol on the development of HNSCC (Castro-Oropeza and Pina-Sanchez; Hurnik et al.). Nevertheless, both reviews show that alterations in DNA methylation, histone modifications, and non-coding RNAs promote the progression of seemingly unrelated tumors.
2 EPIGENETIC REGULATION ON CANCER
Tumor heterogeneity is responsible for tumor cells possessing different sensibilities to environmental factors, growth, invasiveness, and response to treatment. Yu et al. analyzed the heterogeneity of bladder tumor cells by single-cell transcriptome sequencing. They obtained the data from samples previously uploaded to the Gene Expression Omnibus (GEO) database. With the information of about 12,000 cells analyzed, the authors identified different tumor lineages associated with patient survival. In particular, the EMT (Epithelial-Mesenchymal Transition)-like subtype exhibited the worst prognosis and showed enrichment in pathways involved with cell migration, angiogenesis, and hypoxia (Yu et al.). Although the study requires further validation at the cellular level and with an independent cohort, it shows some interesting lines of research.
Deregulation of N7-methylguanosine (m7G) may contribute to the development of hepatocellular carcinoma. Chen et al. evaluated the expression pattern of regulators of the modification in m7G. The authors used bioinformatic analysis of transcriptome data from hepatocellular carcinoma patients. So, they obtained the data from The Cancer Genome Atlas (TCGA) and GEO databases. After analyzing 29 genes that regulate m7G–modification, the authors established a risk model for hepatocellular carcinoma. This model was generated by selecting seven genes using the data from TCGA. Then, the authors validated their model using the data from GEO. Using the risk signature with these genes, the authors showed they could predict the prognosis for patients with hepatocellular carcinoma (Chen et al.).
Another relevant epigenetic modification is the internal modification of RNA by N6-methyladenosine (m6A). m6A RNA methylation regulates alternative splicing, thus modulating gene expression. Three protein complexes are known to regulate m6A RNA methylation. By using TCGA database, Maimaiti et al. evaluated the clinical role of m6A regulators within the tumor microenvironment in low-grade glioma patients. The authors analyzed the contribution of 12 of these genes, finding that seven were associated with overall survival. Next, they identified m6A-related alternative splicing events. The latter were analyzed using Least Absolute Shrinkage and Selection Operator (LASSO) regression, thus allowing the authors to create a model to predict glioma prognosis. Patients within the high-risk score group presented a higher infiltration score, as determined by TIMER (Tumor Immune Estimation Resource) and CIBERSORT analyses. Remarkably, most tumors having high infiltration scores contained anti-tumoral cells, such as activated NK cells, CD8+ T cells, and M1 macrophages (Maimaiti et al.).
On the other hand, Pan et al. also analyzed the prognostic value of members of the chromobox family (CBX) by bioinformatic analysis (Pan et al.). This family is part of polycomb repressive complexes 1, which regulate gene expression. Several members play a role in cancer progression (Lin et al., 2020). Pan et al. compared the transcript expression of CBXs between hepatocarcinoma and normal adjacent tissue. Datasets were obtained from the Gene Expression Profiling Interactive Analysis (GEPEIA). Then, the authors constructed a prognostic model based on the CBX expressions with this information. Their findings show that some CBXs, particularly CBX3, are associated with poor overall survival (Pan et al.). Although the authors found that immune cells upregulate CBX3, and they propose that this CBX modulates the microenvironment via immune cells, this hypothesis needs further verification.
RNA-binding proteins (RBPs) are a set of proteins that bind target RNAs thanks to an RNA-binding domain. RBPs can bind to coding and non-coding RNAs, thus regulating different RNA processes. Cancer deregulates some RBPs, but research is needed to test their role in prognosis and therapy. Miao et al. analyzed whether RNPs are differentially expressed in non-small cell lung cancer (NSCLC) and can be prognosis factors. The authors used TCGA, the GEO, and the University of California Santa Cruz (UCSC) Xena data to identify differentially expressed RBPs. Then, they constructed a signature with eight RBPs utilizing LASSO regression analysis, which divided patients into high-risk and low-risk groups. The high-risk group was associated with a more advanced tumor stage and decreased survival. The authors validated the expression of the eight RBPs found in their signature with an independent cohort. They also analyzed the immune infiltration with bioinformatics tools and compared both groups. High-risk patients showed higher infiltration of immune cells with known antitumoral properties (Miao et al.). To verify this contradictory result, further demonstration using immunohistochemistry is needed.
POLE (DNA Polymerase Epsilon, Catalytic Subunit) is a polymerase implicated in DNA replication. Thus, mutations in this enzyme might promote carcinogenesis and be a potential biomarker. Jiang et al. evaluated mutations in POLE using a cohort of patients with colorectal cancer and from TCGA. The authors divided the patients into three groups: those presenting exonuclease domain mutation (EDMs), non-EDMs, and wild type. This study showed that patients with lesser susceptibility to recurrence or progression were within the POLE EDM group. Also, patients from this group with high microsatellite instability have higher overall survival and progression-free survival than patients with tumors with low microsatellite instability and not having POLE mutations Jiang et al.. Nevertheless, patients from TCGA cohort did not present the same behavior, thus highlighting the need for validating bioinformatic studies using independent cohorts besides those obtained from public databases.
Deregulation of the cell cycle has been long known to promote carcinogenesis, but the study of Zhang X et al. show new findings in this field. They analyzed the role of kinesin superfamily member 2C (KIF2C) as a possible prognostic biomarker in cancer. KIF2C participates in spindle formation and sister chromatid separation, among other functions. Zhang X et al. evaluated the correlation of KIF2C expression with several parameters, such as prognosis, tumor mutation burden, and immune infiltration. The authors employed publicly available databases, including TCGA, UALCAN (the University of Alabama at Birmingham Cancer data analysis portal), and TIMER 2.0. They found that KIF2C is upregulated in many types of cancer, which agrees with previous publications (Shimo et al., 2008; An et al., 2021). Immunohistochemistry also corroborated that liver cancer cells highly express KIF2C compared with normal tissue (Zhang X et al.).
MicroRNAs (miRNAs) are small non-coding RNA sequences that regulate mRNA expression. As RNA regulators, they are also implicated in several oncogenic processes but also as tumor suppressors. Li J et al. explored the participation of miR-372-3p as a tumor suppressor in colon cancer. They found that tumor tissue samples downregulate miR-372-3p. In particular, tissues that express low miR-372-3p levels show high expression of the proliferation marker Ki-67. This inverse correlation is also present between miR-372-3p and MAP3K2, which regulates the JNK and ERK5 proliferative pathways. In vitro assays showed that miR-372–3p reduces cell proliferation and downregulates MAP3K2 expression. Thus, targeting MAP3K2 or inducing the expression of miR-372–3p might be considered an optional treatment strategy (Li J et al.).
Long non-coding RNAs (lncRNAs) are RNAs with more than 200 nucleotides long that regulate gene expression. These RNAs can be either oncogenic or tumor suppressors; thus, their deregulation favors carcinogenesis. Andonegui-Elguera et al. review the alterations of lncRNAs that lead to genomic instability, showing how two hallmarks are closely intertwined. Consequently, deregulated expression of lncRNAs might lead to resistance to chemotherapy. LncRNAs can regulate cellular processes such as autophagy, which is responsible for recycling organelles and macromolecules (Andonegui-Elguera et al.). Duan et al. analyzed the profile of lncRNAs involved in autophagy in colorectal cancer. The authors distinguished about 13000 lncRNAs from the TCGA database and about 900 from the Human Autophagy database (HADb.) From these data, the authors identified 1342 autophagy-related lncRNAs. Using univariate and multivariate -COX regressions and LASSO regression analysis, the authors selected 11 autophagy-related lncRNAs to classify colorectal cancer patients into two groups per lncRNA: high- and low-risk. High-risk patients showed significantly lower mortality than low-risk patients (Duan et al.). Of note, LINC01011 is upregulated in low-risk colorectal cancer patients. This molecule inhibits mitochondrial fission and increases cisplatin sensitivity in tongue cancer (Fan et al., 2020). As mitochondrial dynamics play a role in chemotherapy sensitivity, this observation deserves further study.
Ferroptosis is a recently identified form of regulated cell death that depends on iron and ROS (Xie et al., 2016). Deregulation of this process may take part in cancer progression. Li Y et al. explored the link between lncRNAs and ferroptosis on the prognosis of pancreatic cancer. This bioinformatics study used data from TCGA and FerrDb databases. Six ferroptosis-related lncRNAs served to construct a signature associated with the survival of pancreatic cancer patients. These lncRNAs were found to participate in the regulation of ROS. In particular, MIR193BHG is associated with autophagy (Li Y et al.). As ROS production and autophagy are processes where the mitochondria are implicated, the ferroptosis-related lncRNAs found by Li et al. might have a role in mitochondria dynamics.
3 EPIGENETICS AND ANTI-TUMORAL THERAPIES
The search for novel chemotherapeutic drugs is an active research field. Tulsyan et al. review some epigenetic mechanisms deregulated in cancer. Some of these mechanisms are promising not only for finding biomarkers for diagnostic and prognosis but also for developing novel epigenetic drugs (Tulsyan et al.). On the other hand, Contreras-Sanzon et al. review how histone deacetylases (HDACs) participate in several mechanisms of resistance to therapy in lung cancer cells. Besides chromatin remodeling, HDACs regulate other cellular processes; thus, their alteration favors tumor progression. This review shows some preclinical and clinical evidence of the use of HDAC inhibitors to treat different subtypes of lung cancer (Contreras-Sanzon et al.). Mathur et al. focus on the epigenetic mechanisms found in breast cancer, particularly those associated with resistance (Mathur et al.). As in lung cancer, HDAC inhibitors might have some future for treating some breast cancer subtypes.
The study of Zhang Y.Q et al. on quercetin, a compound derived from herbal medicine, shows some novel targets in lung adenocarcinoma. They looked for possible targets with bioinformatics tools (SwissTargetPrediction and Protein Data Bank). The authors also analyzed differentially expressed target genes for quercetin in TCGA and created a risk model for lung adenocarcinoma patients (Zhang Y.Q et al.). The bioinformatics analysis showed that some genes associated with disease prognosis might be targets for quercetin treatment, but this is yet to be confirmed experimentally.
Histone lysine demethylases (KDMs) are enzymes that modulate histone methylation. In particular, the KDM4 subfamily has been considered an attractive target because some members are oncogenic and several tumors overexpress these molecules. Del Moral-Morales et al. screened in the COCONUT (COlleCtion of Open Natural ProdUcTs), the FDA, and DrugBank databases and employed molecular docking to look for potential inhibitors against KDM4 enzymes. Several members of the KDM4 subfamily are upregulated in cancer, as determined by bioinformatics analysis of TCGA. Using this strategy, the study found some potential candidates for therapeutic use and could orient the research of novel treatments (Del Moral-Morales et al.).
In this regard, the study of Fei et al. explored mitochondrial topoisomerase I (TOIP1MT) as a possible target for cancer therapy. TOIP1MT keeps the integrity of mitochondrial DNA (mtDNA) and promotes tumor cell proliferation by regulating several metabolic pathways. Using the GTEX database and several bioinformatics approaches, the authors analyzed the expression of TOP1MT, its prognostic value, and its correlation with immune cells in different types of cancer. Compared with normal tissue, different types of cancer upregulate TOIP1MT, which correlates with poor overall survival, disease-specific survival, and progression-free periods. TOP1MT positively correlates with some immune cells (Fei et al.). This finding deserves further exploration, as this correlation was found with cells known to be antitumoral, such as CD8+ T cells and macrophages.
Predicting patients’ responses to anti-cancer treatment is highly desirable. Borutinskaite et al. explored the pattern of genes and proteins from bone marrow samples of acute promyelocytic leukemia (APL) patients undergoing treatment (Borutinskaite et al.). Lactate dehydrogenase (LDHA) takes part in metabolic reprogramming and tumor progression (Romero-Garcia et al., 2016). Mass spectrometry analysis showed that, among others proteins, LDHA levels increase during treatment and at relapse. Also, tumors from patients with no relapse downregulate WT1, CALR, CAV1, and MYC genes (Borutinskaite et al.). Thus, these molecules are promising candidates to track response to treatment in patients with APL.
Although many of these articles were based on bioinformatics and require validation, they provide insights into promising research areas (See Figure 1). As noted, some studies found that certain oncogenic molecules (RPBs, TOIP1MT, KIF2C, among others) are positively correlated with antitumoral immune infiltrate, as evaluated by bioinformatics analysis. Because antitumoral infiltrate has been shown to independently correlate with a good prognosis, further verification at the protein level is highly recommendable. On the other hand, understanding mitochondrial dynamics is relevant for a better knowledge of the evolution and treatment of cancer. The studies contained in this topic might shed some light on this issue.
[image: Figure 1]FIGURE 1 | The study of epigenetic alterations and how they have a role in the prognosis and resistance to current therapies will lead to the discovery of novel biomarkers and the elucidation of new treatments.
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Background: Long non-coding RNAs (lncRNAs) are key regulators of pancreatic cancer development and are involved in ferroptosis regulation. LncRNA transcript levels serve as a prognostic factor for pancreatic cancer. Therefore, identifying ferroptosis-related lncRNAs (FRLs) with prognostic value in pancreatic cancer is critical.
Methods: In this study, FRLs were identified by combining The Cancer Genome Atlas (TCGA) and FerrDb databases. For training cohort, univariate Cox, Lasso, and multivariate Cox regression analyses were applied to identify prognosis FRLs and then construct a prognostic FRLs signature. Testing cohort and entire cohort were applied to validate the prognostic signature. Moreover, the nomogram was performed to predict prognosis at different clinicopathological stages and risk scores. A co-expression network with 76 lncRNA-mRNA targets was constructed.
Results: Univariate Cox analysis was performed to analyze the prognostic value of 193 lncRNAs. Furthermore, the least absolute shrinkage and selection operator and the multivariate Cox analysis were used to assess the prognostic value of these ferroptosis-related lncRNAs. A prognostic risk model, of six lncRNAs, including LINC01705, AC068620.2, TRAF3IP2-AS1, AC092171.2, AC099850.3, and MIR193BHG was constructed. The Kaplan Meier (KM) and time-related receiver operating characteristic (ROC) curve analysis were performed to calculate overall survival and compare high- and low-risk groups. There was also a significant difference in survival time between the high-risk and low-risk groups for the testing cohort and the entire cohort, with AUCs of .723, .753, respectively. Combined with clinicopathological characteristics, the risk model was validated as a new independent prognostic factor for pancreatic adenocarcinoma through univariate and multivariate Cox regression. Moreover, a nomogram showed good prediction.
Conclusion: The signature of six FRLs had significant prognostic value for pancreatic adenocarcinoma. They may be a promising therapeutic target in clinical practice.
Keywords: pancreatic adenocarcinoma, ferroptosis, long non-coding RNA, risk model, nomogram
1 INTRODUCTION
Pancreatic adenocarcinoma (PAAD) is an aggressive gastrointestinal malignancy, with a high mortality rate (Mizrahi et al., 2020). Because of its early subclinical symptoms, the vast majority of PAAD patients were diagnosed in the middle to late stages, even with distant metastasis. Worse still, the level of acceptance of surgical treatment is relatively low at 20% (Singhi et al., 2019). Improving the prognosis of PAAD remains a challenge, with less than 5% of patients surviving for 5 years (Hidalgo, 2010; Hidalgo et al., 2015). In recent years, neoadjuvant therapy, targeted therapy, and immunotherapy have gained widespread application and yielded good clinical outcomes (Neoptolemos et al., 2018; Tempero, 2019).
Ferroptosis id a new type of cell death regulated by multiple metabolic pathways, lipid peroxide accumulation and iron dependence and, thus, may be involved in the mechanism of PAAD progression (Gupta et al., 2017; Wei et al., 2019; Badgley et al., 2020; Zhou et al., 2020). Emerging evidence suggests that ferroptosis provides a link between the pathophysiological disease mechanism and the altered human health status through its involvement in metabolic and redox reactions and negatively affects (Zheng and Conrad, 2020). It is promoted by BRCA1-associated protein 1 (BAP1) through SLC7A11 repression, and inhibited by glutathione-dependent phospholipid peroxidase 4, preventing lipid peroxide accumulation. Promoting ferroptosis circumvents therapy-resistant cancer cells (Hassannia et al., 2019). Therefore, a validated predictive model is needed to assess patient prognosis and guide patients to personalized targeted therapy.
Long non-coding RNAs (lncRNAs) are transcribed from genes but do not undergo translation into proteins (Bhan et al., 2017). They mediate the regulation of ferroptosis pathways; for instance, the cytoplasmic lncRNA P53RRA can promote ferroptosis through nuclear segregation of p53 (Mao et al., 2018). Furthermore, lncRNAs can interact with mRNA, thus modulating mRNA stability. Therefore, they are a crucial factor in regulating cholesterol metabolism processes in cancer.
Whether or not targeted therapies can have anti-cancer effects on patients needs to be further explored. A validated predictive model is required to accurately assess patient prognosis, account for individual differences, and guide individualized treatment to prolong survival.
The aim of the present study was to identify ferroptosis-related lncRNAs (FRLs) that have prognostic value in PAAD. We utilized The Cancer Genome Atlas (TCGA) dataset for lncRNA expression in PAAD to create a FRLs signature and elucidate its ability to predict overall survival (OS) in PAAD. Further, we summarize six previous reports of FRLs and briefly describe their potential mechanisms of action to provide a reference for further research.
2 MATERIALS AND METHODS
2.1 Gene Expression and Clinical Data Access to Pancreatic Adenocarcinoma
Gene expression data and clinical information were downloaded from the TCGA-PAAD cohort FPKM file from the TCGA Information Portal (https://portal.gdc.cancer.gov/). After excluding 14 patients without RNA-seq or clinical information, 171 patients were included in this study. The 171 patients were divided into training cohort (n = 86) and testing cohort (n = 85). The training cohort were used for risk score model building, and the testing cohort and entire cohort were used for validation of the risk score model to test the robustness of the risk model.
TCGA data is open to the community and our research is based on the TCGA Data Access Policy and Publication Guidelines.
2.2 Screening for Ferroptosis-Related lncRNAs
The ferroptosis-related mRNAs were obtained from the FerrDb database (http://www.zhounan.org/ferrdb), which comprised a total of 239 genes. Then, Pearson’s correlation analysis was performed for FRLs identified using the “limma” package. LncRNAs with R2 > .6 and p < .001 were considered to be FRLs.
2.3 Construction of a Prognostic Ferroptosis-Related lncRNAs Signature
First, the training cohort was used to construct a prognostic FRLs signature. Co-expressed FRLs were tested using the univariate Cox analysis to determine the prognostic value. Subsequently, based on the candidate lncRNAs with p < .01 in the univariate Cox screen analysis, a least absolute shrinkage and selection operator (LASSO) regression model was constructed by “glmnet” package. Morever, the resulting lncRNAs were introduced into a multivariate Cox model to obtain hazard ratios (HR) and regression coefficients for each lncRNA used in the construction of the final prognostic FRLs signature using “survival” package. Risk scores were calculated using the following equation. The risk score was calculated using the following formula:
[image: image]
where [image: image] is the expression of the ith selected lncRNA, and [image: image] is its regression coefficient.
Subsequently, patients were divided into high- and low-risk groups based on the median risk score. The “survival” package was used to perform the Kaplan Meier (KM) survival and receiver operating characteristic (ROC) curve analysis of the performance of prognostic factors in terms of overall survival (OS). The testing cohort and the entire cohort were applied to validate the prognosis signature constructed based on the training cohort.
2.4 Assessment of Prognostic Factors
The KM analysis was performed in high-risk and low-risk groups to elucidate differences between subgroups based on gender (male and female), age (<65 and ≥65 years), grade (G1, G2 and G3, G4), T stage (T1, T2 and T3, T4) and N stage (N0 and N1). Univariate and multivariate Cox regression analysis of clinical characteristics and risk scores were performed to assess whether or not the risk score was an independent prognostic factor as well as to identify clinical characteristics that were independent prognostic factors.
2.5 Clinical Value of a Prognostic Ferroptosis-Related lncRNAs Signature
In the classification of clinicopathological characteristics, the age, sex, grade, American Joint Committee on Cancer (AJCC) stage, T-stage, and N-stage were used to elucidate the independent risk factors associated with the prognosis. However, the M-stage was excluded from the study because of the high rate of missing data on the M-stage.
2.6. Construction of a Predictive Nomogram
A nomogram was used to predict the 12-, 18-, and 24-month survival. The stability of the model was assessed using the consistency index (C-index) and calibration curves.
2.7 Ferroptosis-Related LncRNA-mRNA Co-Expression Network Construction
LncRNA-mRNA co-expression pairs with R2 > .4 and p < 0.05 were considered to be potential regulatory pathways. Subsequently, the co-expression network was visualized by Cytoscape software (version 3.8.2, http://www.cytoscape.org/).
2.8 Functional Analysis
To elucidate potential biological functions of FRLs, Gene Ontology (GO) (Gene Ontology Consortium, 2015) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto, 2000) was performed on lncRNA-mRNAs. Then, significantly related biological functions and pathways, which may be potential pathways for ferroptosis-related lncRNA regulation, were listed.
2.9 Statistical Analysis
Conversion of gene names and merging of the patient gene expression data with the clinical data were performed using PERL (version 5.30.2, http://www.perl.org/). All statistical analyses were performed in the R software (version 4.1.0).
3 RESULTS
3.1 Patient Data Sets
Data from the TCGA-PAAD cohort were downloaded and processed, as reported previously. Inclusion criteria were: 1) a histological diagnosis of pancreatic adenocarcinoma; 2) available data on gene expression and clinicopathological characteristics; and 3) complete survival information and a follow-up duration >30 days. When a patient had two or more samples then the first sample was selected. After applying inclusion and exclusion criteria, 171 patients were enrolled. Table 1 summarizes the basic patient profile. Then, the 171 PAAD patients were randomly divided into a training cohort (n = 86) and a testing cohort (n = 85) at a 1:1 ratio. The flow chart of the study is shown in Figure 1.
TABLE 1 | Baseline table for TCGA-PAAD.
[image: Table 1][image: Figure 1]FIGURE 1 | Flow chart of the study.
3.2 Identification of Ferroptosis-Related lncRNAs in Pancreatic Adenocarcinoma
First, 13,830 lncRNAs were identified by analyzing gene expression data from TCGA-PAAD. Altogether 239 ferroptosis-related genes (Supplementary Table S1) were expressed in patients with PAAD. Finally, 435 FRLs were selected. (R2 > 0.6 and p < .001).
3.3 Construction of a Prognostic Ferroptosis-Related lncRNAs Signature
The univariate Cox regression performed on 86 training PAAD samples with OS revealed 193 FRLs to be relevant with the PAAD prognosis (p < .01, Supplementary Table S2). Subsequently, LASSO regression of these genes, and eight FRLs were identified after LASSO regression (Figures 2A,B). Finally, multivariate Cox regression revealed six FRLs (LINC01705, AC068620.2, TRAF3IP2-AS1, AC092171.2, AC099850.3, and MIR193BHG, Figure 2C). A FRLs signature was created (Table 2) with the following risk score formula:
[image: image]
[image: Figure 2]FIGURE 2 | Selection of FRLs using LASSO and multivariate Cox regression. (A)Eight FRLs based LASSO cross validation plot. (B) LASSO coefficient of eight FRLs in PAAD. (C) Multivariate Cox regression showing six FRLs (LINC01705, AC068620.2, TRAF3IP2-AS1, AC092171.2, AC099850.3, and MIR193BHG) associated with OS in TCGA-PAAD.
TABLE 2 | Multivariate Cox results for FRLs based on TCGA-PAAD.
[image: Table 2]Table 3 summarizes previous reports on the six FRLs. To the best of our knowledge, two lncRNAs (AC068620.2 and AC092171.2) have not been previously reported.
TABLE 3 | Summary statistics of available studies on FRLs.
[image: Table 3]3.4 Assessment of a Prognostic Ferroptosis-Related lncRNAs Signature
LINC01705, AC099850.3, and MIR193BHG were risk factors for PAAD, while three lncRNAs (AC068620.2, TRAF3IP2-AS1, and AC092171.2) were protective factors for PAAD (Figures 3A–F). The risk score formula applied to gene expression data of 86 training patients revealed a median risk score of 1.231. Accordingly, all cases could be classified as low-risk (n = 43) or high-risk (n = 43) (Figure 4A). The increased risk score was accompanied by gradually decreasing survival time and increased mortality (Figure 4B). Finally, the expression level of OS-related FRLs was presented in the form of heatmaps (Figure 4C). Regrettably, none of the patients in the high-risk group survived longer than 4 years, whereas many of those in the low-risk group survived longer than 7 years. After log-rank test, there was a significant difference in OS between the two groups (p = 1.135e-08, Figure 4D). Time-dependent ROC curves showed prediction of lncRNA biomarkers in the prognosis, with AUC of 0.786, respectively (Figure 4E). We then validated the a prognostic FRLs signature on the testing cohort and the entire cohort (Figures 4F–O). Survival analysis showed, significant differences in survival time between both the testing cohort and the entire cohort of patients, with significantly higher OS in the low-risk group than in the high-risk group. In addition, the AUCs for the testing cohort and the entire cohort were .723, .753, respectively, showing that the six FRLs prognostic signature has good robustness.
[image: Figure 3]FIGURE 3 | KM survival curves for the six prognostic FRLs. Three FRLs (LINC01705, AC099850.3 and MIR193BHG) were independent unfavorable factors and three lncRNAs (AC068620.2, TRAF3IP2-AS1, and AC092171.2) were independent favorable factors for PAAD.
[image: Figure 4]FIGURE 4 | Risk score model development and validation. (A) Trianing cohort risk score distribution of a patient with PAAD based on FRLs. (B) Trianing cohort scatter plots showing the association between the OS and the risk score in PAAD patients according to prognostic features of FRLs. (C) Trianing cohort heatmap showing three unfavorable genes (LINC01705, AC099850.3, and MIR193BHG) with high expression in high-risk patients, contray to the expression of the three favorable genes (AC068620.2, TRAF3IP2-AS1, and AC092171.2). (D) Trianing cohort KM survival curve analysis. (E) Testing cohort area under the ROC curve based on FRLs-based prognostic features at 12 months. (F) Testing cohort risk score distribution of a patient with PAAD based on FRLs. (G) Testing cohort scatter plots showing the association between the OS and the risk score in PAAD patients according to prognostic features of FRLs. (H) Testing cohort heatmap showing three unfavorable genes (LINC01705, AC099850.3, and MIR193BHG) with high expression in high-risk patients, contray to the expression of the three favorable genes (AC068620.2, TRAF3IP2-AS1, and AC092171.2). (I) Testing cohort KM survival curve analysis. (J) Testing cohort area under the ROC curve based on FRLs-based prognostic features at 12 months. (K) Entire cohort risk score distribution of a patient with PAAD based on FRLs. (L) Entire cohort scatter plots showing the association between the OS and the risk score in PAAD patients according to prognostic features of FRLs. (M) Entire cohort heatmap showing three unfavorable genes (LINC01705, AC099850.3, and MIR193BHG) with high expression in high-risk patients, contray to the expression of the three favorable genes (AC068620.2, TRAF3IP2-AS1, and AC092171.2). (N) Entire cohort KM survival curve analysis. (O) Entire cohort area under the ROC curve based on FRLs-based prognostic features at 12 months.
3.5Clinical Value of a Prognostic Ferroptosis-Related lncRNAs Signature
Univariate Cox, regression revealed the risk score to be a risk factor significantly associated with the prognosis of patients with PAAD (95% confidence interval (CI): 1.228–1.445, p < .001), with a higher risk score suggesting a worse prognosis. In addition, the N-stage (95% CI: 1.095–2.659, p = .018) and patient age (95% CI: 1.004–1.049, p = .022) were also closely associated with the prognosis. (Figure 5A). After controlling for clinical characteristics, risk score remained an independent indicator (hazard ratio = 1.372, 95% CI: 1.250–1.506, p < .001, Figure 5B, Table 4). However, the N-stage was not significantly associated with the prognosis in multivariate Cox regression. Moreover, higher accuracy of the risk score in predicting patients compared to other clinicopathological features was also confirmed in the ROC analysis. The prognostic value of FRLs (.771) was higher than that of age (.678), sex (.537), grade (.604), the AJCC stage (.581), the T-stage (.555), and the N-stage (.653; Figure 5C). Similarly, across all age, sex, T-stage, grade, and AJCC stage subgroups, patients with PAAD showed a lower OS rate in the high-risk group than in the low-risk group (Figure 6). All data suggested that the prognostic FRLs signature is significantly associated with the prognosis of patients with PAAD.
TABLE 4 | Multivariate Cox regression analysis of clinical characteristics and the risk score for PAAD.
[image: Table 4][image: Figure 5]FIGURE 5 | Estimated prognostic accuracy of FRLs in patients with PAAD. (A) Univariate Cox regression showing that the age, N-stage, and risk score were associated with OS (p < .05). (B) Multivariate Cox regression showing that the age and the risk score (p < .01) were independent prognostic indicators of OS in patients with PAAD. (C) ROC curve showing that the risk score has the highest prognostic accuracy.
[image: Figure 6]FIGURE 6 | Survival rates of PAAD patients with high- and low-risk patients with PAAD in the subgroups based on clinicopathological characteristics. (A) Subgroup of age <65 years. (B) Subgroup of age ≥65 years. (C) Male subgroup. (D) Female subgroup. (E) G1 and G2 subgroups. (F) G3 and G4 subgroups. (G) T1 and T2 subgroups. (H) T3 and T4 subgroups. (I) N0 subgroup. (J) N1 subgroup.
3.6 Construction and Assessment of Nomogram
The nomogram, a common prognostic visualization tool in oncology, allows for the quantification of patient survival based on the inclusion of an index score. Based on multivariate Cox regression, the indicators, age and risk score, were included in the construction of the nomogram. Total scores were obtained by adding the individual indicator scores for age and risk score and predicting the probability of survival at 12, 18, and 24 months (Figure 7A). The nomogram had good stability at a consistency index of .697. Furthermore, calibration curves showed that predicted survival times at 12, 18, and 24 months were consistent compared to the reference line (Figures 7B–D). Furthermore, Table 5 lists other studies in which lncRNA predicted the prognosis of patients with PAAD.
[image: Figure 7]FIGURE 7 | Construction and validation of the nomogram. (A) Prognostic nomogram based on the risk score using the prognostic FRLs signature and the age to predict 12-, 18-, and 24-month survival in patients with PAAD. Calibration curves corrected for deviations in agreement between the predicted and observed survival rates at (B) 12, (C) 18 and (D) 24-months.
TABLE 5 | Comparative studies on available lncRNA signatures in PAAD.
[image: Table 5]3.7 Construction of the Prognostic Ferroptosis-Related lncRNAs Associated LncRNA-mRNA Co-Expression Network and the Functional Enrichment Analysis
The co-expression analysis of FRLs revealed a total of 61 mRNAs involved in formation of the co-expression network of 76 lncRNA-mRNA targets with R2 > .4 and p < .05 (Figure 8A; Supplementary Table S3). The GO analysis showed that it was involved in 476 biological processes, such as cellular responses to chemical stress and responses to oxidative stress, constituted 25 cellular components, including the phagosome assembly site and the apical portion of cells, and mediated 35 molecular functions, such as ubiquitin protein ligase binding and ubiquitin-like protein ligase binding (Figure 8B; Table 6). KEGG showed ferroptosis to be a significantly enriched pathway (Figure 8C; Table 7).
[image: Figure 8]FIGURE 8 | Ferroptosis-related lncRNA-mRNA co-expression network and functional enrichment. (A) LncRNA-mRNA network showing 76 lncRNA-mRNA co-expression pairs formed between six FRLs and 61 mRNAs. The yellow rectangles denote FRLs, and the blue rectangles denote mRNAs. (B) GO analysis showing enriched biological function of these mRNAs co-expressed with six FRLs. (C) KEGG pathway analysis showing enriched signaling pathways.
TABLE 6 | Significantly enriched GO terms of co-expression mRNA with PAAD with an adjusted p < .05
[image: Table 6]TABLE 7 | Signifcantly enriched KEGG terms of co-expression mRNA with PAAD with an adjusted p < .05
[image: Table 7]4 DISCUSSION
PAAD is increasing in incidence every year and is highly malignant. It has a low early clinical detection rate and a 5-year survival rate <5%. Previous studies have elucidated prognostic factors associated with PAAD, such as the tumor grade, stage, size, and number. PAAD involves complex biological processes, some of which are closely related to its prognosis, such as autophagy (Yue et al., 2020), immunity, and ferroptosis. LncRNAs have been identified as key regulators of biological processes that could be used as potential prognostic biomarkers and might provide insights into clinically targeted therapies. In our study, the combination analysis of Cox and LASSO regression was applied to establish a ferroptosis-related lncRNA signature. The signature showed good predictive performance, with patients in the low-risk group having higher OS than those in the high-risk group.
Six prognosis-associated lncRNAs finally obtained in the risk model were LINC01705, AC068620.2, TRAF3IP2-AS1, AC092171.2, AC099850.3, and MIR193BHG. These FRLs could be prognostic marker molecules, potential markers for PAAD, and potential therapeutic targets.
Among the six ferroptosis-related gene risk models, AC084018.1 and AC092171.2 have not been reported to date. Regulations of AC084018.1 and AC092171.2 should be investigated in future studies. The biological mechanism of the other FRLs has been previously reported. LINC01705 positively regulates the translocation promoter region nuclear basket protein by competitively binding to miR-186-5p, thereby promoting the aggressiveness of breast cancer cells (Du et al., 2020). Moreover, miR-223-5p-LINC01705 is involved in pulmonary metastasis of osteosarcoma as a microRNA–lncRNA target pair (Lei Yang et al., 2021). In addition, LINC01705 has high expression during the pathogenesis of proliferative vitreoretinopathy (Xie et al., 2018). Shuai Yang et al. (2021) investigated the inhibitory effect of the tumor growth suppressor TRAF3IP2-AS1 on the progression of NONO-TFE3-translocated renal carcinoma and found that the overexpression of TRaf3IP2-AS1 could stimulate N6-methyladenosine of PARP1 mRNA and downregulate PTEN, further inhibiting the progression of renal carcinoma. He et al. (2021) showed that TRAF3IP2-AS1 may be an attractive therapeutic target for IL-17-related autoimmune diseases, such as psoriasis and multiple sclerosis. Bannon et al. (2015) analyzed clinical samples and showed that TRAF3IP2-AS1 exhibits high expression in cocaine abusers, positively correlating with the opposite chain protein encoding transcript TRAF3IP2. In the study by Zou et al. (2014), TRAF3IP2-AS1 expression was altered in gastric cancer cells after 125I irradiation, providing a target for future drug development. AC099850.3 has been repeatedly extracted as a prognosis-related gene in the bioinformatics analysis of cancer, including squamous cell carcinoma of the tongue, hepatocellular carcinoma, and non-small cell lung cancer (Hao Wu et al., 2020; Jia et al., 2020; Zheng et al., 2021a; Junliang Zhou et al., 2021; Jiang et al., 2021; Wu et al., 2021; Xu et al., 2021; Zhang et al., 2021). The MIR193BHG motif can fine-tune cellular sterol/steroid biosynthesis by producing lincNORS to repress the expression of multiple pathway components (Xue Wu et al., 2020). MIR193BHG was found to be significantly associated with the prognosis in both autophagy-related lncRNA in ovarian cancer and ferroptosis-related lncRNA in lung adenocarcinoma (Chan Meng et al., 2020; Zheng et al., 2021b). In the analysis of competing endogenous RNAs in lung and renal cell carcinomas, MIR193BHG-miR-140-3p may be a promising upstream regulatory pathway for GPRIN1 (Qiwei Zhou et al., 2021). Furthermore, MIR193BHG has diagnostic value for placental tissue in patients with early-onset pre-eclampsia (Zhang et al., 2020).
KEGG and GO enrichment results indicated that these screened lncRNAs were related to regulation of reactive oxygen species (ROS), which can cause ptosis. The effect of ROS on ferroptosis in pancreatic cancer is not fully understood. However, many regulators of ROS related to ferroptosis, such as irisin, deerskin, QD394, and QD394-me, have been found. ROS metabolism, iron metabolism, and the cysteine/glutamate reverse transport system (SYSTEM Xc-) play important roles in the regulatory process (Hu et al., 2020; Song et al., 2020; Yang and Leung, 2020). In terms of environment, many studies have shown that arsenic may stimulate ferroptosis in cancer cells through oxidative stress. Our enrichment analysis revealed that the co-expressed mRNA was significantly enriched in the autophagy pathway (Pan Meng et al., 2020; Wei et al., 2020). To date, the genetic link between autophagy and ferroptosis remains unclear. Autophagy has been shown to promote ferroptosis by degrading ferritin in cancer cells (Hou et al., 2016). Therefore, identifying lncRNAs associated with iron sagging in pancreatic cancer may provide guidance for the search for regulatory factors.
Ours was the first study to combine patient prognostic analysis with FRLs to preliminarily explore the molecular mechanism of ferroptosis affecting the prognosis of patients with PAAD. Six FRLs signatures were established to further supplement the traditional clinical prognostic factors, guiding the search for therapeutic targets and the selection of prognostic decisions for pancreatic cancer. In addition, we provided a columnar line graph correlating FRLs with clinical factors to predict OS in PAAD in a validated and quantitative way.
5 CONCLUSION
We created a ferroptosis-related lncRNAs signature that can be used as a new biomarker to predict PAAD progression. This signature could help provide insights into the correlation between ferroptosis and tumorigenesis for clinical ferroptosis-related targeted therapies.
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MicroRNAs (miRNAs) as small non-coding RNA transcripts bind their complementary sequences in the 3′-untranslated region (3′-UTR) of target messenger RNAs (mRNAs) to regulate their expression. It is known that miR-372 belongs to the miR-371–373 gene cluster and has been found to be abnormally expressed in a variety of cancers, but its precise mechanism in cancer remains to be discovered. In this study, miR-372-3p expression was assessed in 153 frozen tissue samples, including primary diagnosed colon cancer and matched normal and adjacent tissues, using real time quantitative polymerase chain reaction (qPCR). An analysis of qPCR data revealed a significant reduction in miR-372-3p expression (by >2-fold) in colon cancer tissues in 51.5% (34/66) of patients. Consistent with this, mimicking the increased miR-372-3p levels in SW480 colon cancer cells significantly suppressed cell growth and proliferation. Although no direct correlation was found between the low level of miR-372-3p and certain tumor-related factors, such as p53, HRE-2, PMS2, MLH1, MSH2, MSH6, HDAC4, p21, and Wee1, in colon cancer tissues, an inverse relationship between miR-372-3p and Ki67 (a marker of proliferation) or miR-372-3p and MAP3K2(MEKK2), which plays a critical role in the MAPK signaling pathways, was confirmed using tissue samples. The target relationship between miR-372-3p and MAP3K2 was verified using luciferase assays in SW480 colon cancer cells. As expected, miR-372-3p mimics significantly suppressed the luciferase activity of pMIR-luc/MAP3K2 3′-UTR in cells, suggesting that miR-372-3p modulates the expression of MAP3K2 by directly targeting its 3′-UTR. Overall, the results obtained herein suggest that miR-372-3p may function as a tumor-suppressor miRNA in colon cancer by targeting MAP3K2.
Keywords: colon cancer, microRNA, MiR-372-3p, MAP3K2, MAPK signal pathway
INTRODUCTION
MicroRNAs (miRNAs) are a class of evolutionary conserved small non-coding RNAs, which bind to the 3′-untranslated region (3′-UTR) of target messenger RNAs (mRNAs) and play important roles in suppressing protein translation or inducing mRNA degradation as post-transcriptional gene regulators (Bartel et al., 2009). It has been known that miR-372, which belongs to the miR-371–373 gene cluster is located on chromosome 19q13.42. Many oncogenic events related to head and neck squamous cell carcinoma are known to reside in this region (Voorhoeve et al., 2006). The miR-371–373 gene cluster, originally identified as a group of the human embryonic stem cell specific miRNAs, has been found to be involved in the stemness maintenance of embryonic stem cells (Suh et al., 2004). In colorectal cancer cells, miR-372 and miR-373 enhance the stemness by repressing the expression of differentiation genes, such as nuclear factor kappa-light-chain-enhancer of activated B-cells and mitogen-activated protein kinase-like protein/the extracellular signal-regulated kinase (Erk) (Wang et al., 2018), suggesting that this gene cluster mediated signaling pathway is associated with the maintenance of stemness. In addition, numerous research data suggest that the miR-371–373 gene cluster is tightly associated with tumorigenesis and progression in various types of human cancers (Shah et al., 2021).
Consistent with this, aberrant expression of miR-371–373 has been found in several primary diagnosed types of cancers. It is worth noting that the expression levels of miR-371–373 vary according to the type of cancer. For example, miR-372–373 expression is significantly lower in non-small cell lung cancer (Seol et al., 2014), pancreatic cancer (Nakata et al., 2014), prostate cancer (Kong et al., 2016), cervical cancer tissues (Tian et al., 2011), endometrial cancer (Liu et al., 2016), ovarian carcinoma (Guan et al., 2017), osteosarcoma tissues (Xu et al., 2018) and renal cell carcinoma tissues (Huang et al., 2015), compared to in normal tissues. Conversely, in some tumor tissues, miR-372 was more highly expressed than in normal tissues, including in lung squamous cell carcinoma (Wang et al., 2017), colorectal carcinoma tissues (Yu et al., 2016), esophageal squamous cell carcinoma (Ghasemi et al., 2018), oral squamous cell carcinoma (Tu et al., 2015), hepatocellular carcinoma (Gu et al., 2013), and glioma (Li et al., 2013). It is worth mentioning that the expression results of miR-372 in breast cancer tissues reported by two different groups are in opposition: although low expression of miR-372 in 20 primary breast cancer tissues compared to paired normal tissues was documented by Liu et al. (Zhao et al., 2017), higher expression of miR-372 in the same type of cancer tissues was observed by Chen et al. (Cheng et al., 2018), suggesting the complexity of the molecular mechanism of miRNAs in tumorigenesis. In other words, the expression status of miRNAs in different cancer tissues may closely correlate with their interacting target genes.
Accumulating evidence has demonstrated that miR-372 is involved in the regulation of a variety of important biological processes in cells, such as cell proliferation, apoptosis, migration, and invasion, in many types of human cancers (Shah et al., 2021). Theoretically, miRNAs bind their complementary sequences in the 3′-UTR of target genes to degrade targeted mRNA by an RNA-interference mechanism. However, in mammalian cells, there is almost no perfect complementarity between miRNAs and protein-coding genes, so it is difficult to directly pinpoint relevant downstream targets of a miRNA (John et al., 2004; Shah et al., 2021). Therefore, it is not difficult to understand that miR-372 can target multiple genes to regulate various intracellular processes. Depending on the genes being targeted, miR-372 may serve oncogenic or suppressive roles in different cancer cells. Oncogenic roles of miR-372 have been reported by several research groups to date. For example, miR-372 facilitates the proliferation of colorectal cancer (Peng et al., 2019), breast cancer (Cheng et al., 2018), and gastric cancer (Cho et al., 2009) cells through binding to target sites in the 3′-UTR of large tumor suppressor homolog 2. Moreover, miR-372 promotes cell proliferation and invasion in both lung squamous cell carcinoma and head and neck squamous cell carcinoma cells through inhibiting fibroblast growth factor 9 and p62, respectively (Yeh et al., 2015; Wang et al., 2017). In contrast, miR-372 acts as a tumor suppressor, inhibiting growth and metastasis in different cancer cells, including osteosarcoma, renal cell carcinoma, prostate cancer, hepatocellular carcinoma, breast cancer, and cervical cancer cells, by targeting and binding to the complementary sequences in the 3′-UTRs of FXYD domain containing ion transport regulator 6 (Xu et al., 2018), insulin-like growth factor 2 mRNA-binding protein 1 (Huang et al., 2015), p65 (Kong et al., 2016), ATPase family AAA domain-containing protein 2 (Wu et al., 2014), E2F transcription factor 1 (hou et al., 2017), and cyclin-dependent Kinase 2/cyclinA1 (Tian et al., 2011), respectively. In endometrial cancer cells, miR-372 inhibits cancer development by targeting the expression of the Ras homolog gene family member C (Liu et al., 2016).
Colorectal cancer is one of the most common malignant tumors in the world. In 2020, approximately 147,950 individuals were diagnosed with colon cancer, and about 36% of patients died from the disease, in the United States (Siegel et al., 2020). According to the published literature, miR-372/373 in colorectal cancer can be trans-activated by wingless (Wnt)/β-catenin signaling, which further upregulates miR-372/373 to contribute to cancer stem cell like properties (Zhou et al., 2012; Wang et al., 2018). However, it is unclear whether miR-372 is involved in regulating signaling pathways other than the Wnt-signal pathway. In addition, although there have been some reports about the expression of miR-372 in various tumor tissues, none exist regarding its expression in colon cancer only tissues. In this study, we collected and detected the expression level of miR-372-3p in 153 frozen tissue samples (including 66 colon cancer tissues, matched with 66 normal and 21 adjacent tissues), and then analyzed the correlation between miR-372-3p expression levels with pathological immunohistochemical (IHC) staining parameters, including tumor-suppressor gene p53, mutL homolog 1 (MLH1), mutS homolog 2 (MSH2), mutS homolog 6 (MSH6), mismatch repair system component 2 (PMS2), marker of proliferation Ki-67 (Ki67) and hypoxia response element-2 (HRE-2) and several potential miR-372-3p target genes. We found that miR-372-3p mimics inhibit the cell viability and clone-formation ability in SW480 colon cancer cells, and this effect may result from the targeted inhibition of mitogen-activated protein kinase kinase kinase 2 (MAP3K2, MEKK2) expression.
MATERIALS AND METHODS
Tissue Collection
All specimens were handled and made anonymous according to ethical and legal standards. Sixty-six patients with pathologically diagnosed colon cancer were enrolled in this study, and all included patients underwent radical surgery between November 2017 and August 2018 at the China–Japan Union Hospital of Jilin University without receiving any neoadjuvant radiotherapy and chemotherapy before their surgical operation. However, patients who had previously suffered from other malignancies or with diseases of the immune and endocrine system were excluded. The number of registration of Committees approvals for tissue collection is 201707018. The tumor, adjacent (<2 cm away from the tumor area) and normal (>5 cm away from the tumor area) tissues excised during surgery were prepared into tissue blocks. All samples were partially frozen for quantitative polymerase chain reaction (qPCR) detection, and left samples were immediately fixed in 4% formalin for hematoxylin and eosin (H&E) staining and IHC analysis. IHC information included p53, Ki67, HRE-2, MLH1, MSH2, MSH6, and PSM2 as provided by the China–Japan Union Hospital of Jilin University. The median age of the patients was 61 years (range, 30–85 years). Written informed consent was obtained from all participants, and the study was approved by the institutional ethics board of the Jilin University. Details of patient medical records, including patient age and gender, tumor staging, pathological diagnosis, IHC images of tumor-associated proteins, and surgical records were reviewed. Tumors were staged according to the 2010 TNM classification system of the American Joint Committee on Cancer (Edge et al., 2010).
Antibodies and Reagents
Anti-MAP3K2 (BA3634-2) polyclonal antibody was purchased from BOSTER Biological Technology Co. Ltd. (Wuhan, China). Anti-glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was raised against bacterially expressed proteins (Jilin University, Changchun, China).
Cell Culture
Human SW480 colon cancer cells were obtained from the Type Culture Collection of the Chinese Academy of Sciences (Shanghai, China). Cells were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM, Sigma-Aldrich, St. Louis, MO) with 5% glucose and 10% fetal bovine serum (KY-01003, Kang Yuan Biology, Tianjin, China), 100 U/mL penicillin, and 100 mg/ml streptomycin (Thermo Fisher Scientific, Waltham, MA, United States) in 10 cm dishes at 37°C in a humidified atmosphere of 5% CO2.
Reverse Transcription PCR
Total RNA was extracted from 1 × 107 cells or tissues using TRIzol® LS reagent (Invitrogen, Carlsbad, CA, United States), and 1 μg of RNA from each sample was used as a template to produce cDNA with the PrimeScript first Strand cDNA synthesis Kit (Takara Bio, Shiga, Japan). miR-372-3p, WEE1 G2 checkpoint kinase (Wee1), histone deacetylase 4 (HDAC4), cyclin dependent kinase inhibitor 1A (p21), MAP3K2, and GAPDH mRNA levels were analyzed by real-time qPCR with the SYBR®Premix EX Taq kit (Takara Bio, Shiga, Japan). The PCR reactions were finished under the following program: initial denaturation at 95°C for 3 min, followed by 35 cycles of denaturation at 95°C for 30 s, annealing at 60°C for 30 s, and extension at 72°C for 30 s. The primer sets used for PCR are listed in Table 1. The expression of miR-372-3p was normalized to U6, and those of other mRNAs were normalized to GAPDH. Three independent experiments with three replicates per group were conducted. The relative expression levels of miR-372-3p, Wee1, HDAC4, p21 and MAP3K2 were calculated using the 2−∆∆CT method.
TABLE 1 | Sequence primers designed for real-time qPCR.
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A 341-bp DNA fragment carrying pri-miR-372-3p was inserted between the XhoI and BamHI sites in the pmR-mCherry vector. The 3′-UTR fragments of human MAP3K2 (21 to +472 bp, +6394 to +6656 bp) were amplified by real-time PCR and cloned downstream of luciferase between the MulI and HindIII sites. Similarly, 3′-UTR mutants, which contained mutated miR-372-3p binding sites (AGCACTTT), were cloned to the pMIR-Report-luc between the same sites. The primer sequences used for RT-PCR amplification are shown in Table 1.
Cell Transient Transfection
Cells cultured in 24-well plates were transfected with pmCherry-miR-372-3p plasmids, miR-negative controls (NCs), or pMIR-Report-Luc/MAP3K2-3′-UTR wild type (WT) or mutant (MT) plasmids using polyethylenimine (23966) (Polysciences, Shenzhen, China). Synthetic miR-372-3p inhibitors (AGA​AUA​GUG​CUC​CAC​AUU​UGA​GG) were transfected with Lipofectamine™ 2000 (Invitrogen, Carlsbad, CA, United States) following the manufacturer’s instructions. At 48 or 72 h after transfection, cells were harvested and lysed in radioimmunoprecipitation assay lysate buffer (1% NP-40, 150 mM of NaCl, 50 mM of Tris-HCl, 10% glycerol, 1 mM of dithiothreitol, and complete protease inhibitor cocktails). Proteins in whole-cell lysates were analyzed by western bloting using specific antibodies.
Luciferase Reporter Assay
SW480 cells were co-transfected with 0.4 μg of pmCherry–miR-372-3p, or the reporter plasmids described above, which encode firefly luciferase, and the control plasmid Renilla luciferase vector (0.12 ng), which encodes Renilla luciferase. At 24 h after the transfection, the cells were harvested, and the luciferase activity of pMIR-Report-Luc/MAP3K2-3′-UTR was determined by measuring firefly and Renilla luciferase activities using the Dual-luciferase Reporter assay kit (Promega, Madison, WI, United States) and by normalizing to Renilla luciferase according to the manufacturer’s instructions. Three biological replicates were conducted.
Cell Viability and Growth Assay
Cells were cultured at a density of 3 × 103/well in 96-well plates and treated with miR-372-3p and/or inhibitors following the experimental design. At given time points after transfection (24 and 48 h), cells were incubated with 10 μL of cell counting kit-8 (CCK-8) reagent (017319, Promega Corporation, Madison, WI, United States) for 1 h at 37°C. The absorbance at a wavelength of 450 nm was measured using a microplate reader (Infinite F200 Pro, TECAN, Shanghai, China).
Colony Formation Assay
SW480 cells grown to ∼30% confluence in 6-well plates were treated with the control vector, pmCherry–miR-372-3p, with or without miR-372 inhibitors Forty-eight hours later, cells were digested with trypsin, re-suspended in Dulbecco’s modified eagle medium, and split into a new 12-well plate with 2 × 103 cells/well. After 7 days of culture, formed colonies were stained with 0.1% crystal violet. Colonies containing >20 cells were scored as positive. Colonies were photographed using the Gel Imaging System (Liuyi Instrument Plant, Beijing, China).
Statistical Analysis
The data are reported as mean ± standard deviation values. Kolmogorov-Smirnov test were performed to verify the distribution of data. For the comparison of two study groups, statistical analysis was performed using Mann Whitney t-test. Differences among the three groups were analyzed by one-way analysis of variance (ANOVA) using the SPSS version 19.0 software (IBM Corporation, Armonk, NY, United States) or with the GraphPad Prism software (GraphPad Software, San Diego, CA, United States). p < 0.05 was regarded as statistically significant.
RESULTS
Frequent Downregulation of miR-372-3p Was Observed in Primary Diagnosed Colon Cancer Tissues
To investigate the involvement of miR-372-3p expression in the pathogenesis of primary colon cancer, the tumor, corresponding adjacent, and normal tissues were collected from 66 patients, including 45 with paired primary diagnosed colon cancer and matched normal tissues, and 21 with primary diagnosed colon cancer, matched adjacent and normal tissues (Figure 1A). H&E staining images of tumor and normal tissues taken under a microscope are shown in Figure 1B. In addition, the IHC information of pathological tissue sections of 45 patients with colon cancer was collected, including p53, Ki67, HRE-2, PMS2, MLH1, MSH2, and MSH6; these proteins are used as reference indicators for tumor diagnosis in routine clinical testing (Figure 1C). The numbers in the Figure 1C represent the number of cases of the above IHC-stained proteins in different age and gender groups, and the high or low expression levels of different proteins are detailed in Figure 1D.
[image: Figure 1]FIGURE 1 | Clinicopathological characteristics of primary diagnosed colon cancer. (A) Tissue samples. Cancer area, the site of pathologically diagnosed colon cancer; adjacent tissue, <2 cm away from the tumor in which the cells were pathologically normal; normal tissue, >5 cm away from the cancer. (B) H&E staining, magnification ×200. Left, normal tissue; right, colon cancer tissue. (C) Relationship between IHC features and the gender or age of colon cancer patients. The percentage indicates the amount of positive IHC staining. The number before the slash in the table represents the number of cases in line with the corresponding positive percentage. (D) IHC staining for MLH1, MSH2, MSH6, PMS2, p53, Ki67, and HRE-2 in colon cancer tissues. Upper, IHC low expression; lower, IHC high expression.
To determine whether miR-372-3p is involved in the pathogenesis of primary colon cancer or not, 21 tumor, matched adjacent and normal tissues were first used. As shown in Figure 2A, a statistically significant difference appeared between tumor and matched normal tissues (*p < 0.05). Further analysis of the expression of 21 samples showed significant (>2-fold decreased) downregulation of miR-372-3p in 80.9% (17/21) of patients. Interestingly, miR-372-3p expression in adjacent tissues also exhibited a reduction (>2-fold decrease) in 52.4% (11/21) of samples (Figure 2B). To expand upon the observations given above and to determine the relationship between miR-372-3p expression and clinicopathological parameters, qPCR results were analyzed according to the clinical characteristics of colon cancer. Thus, an additional 45 paired clinical colon cancer and matched normal tissues were used to further validate the frequent downregulation of miR-372-3p expression in primary colon cancer tissues. There was a significant difference in overall miR-372-3p expression between tumor and matched normal tissues (***p < 0.001) (Figure 2C). An analysis of mRNA expression levels of the 45 samples revealed significant (>2-fold decreased) downregulation of miR-372-3p mRNA in 37.8% (17/45) of patients, whereas 8.9% (4/45) of patients showed a significant (>2-fold increased) upregulation of miR-372-3p (Figure 2D). Hereafter, detailed statistical analyses were completed to further explore the correlation between miR-372-3p expression and clinical features. The relationship between miR-372-3p expression and pathological stage revealed significantly low levels of miR-372-3p expression in pT2- (**p < 0.01) and pT3-stage (*p < 0.05) colon cancer compared to normal tissues (Figure 2E). There was significantly less (>2-fold) miR-372-3p in 41.7% (5/12) of pT2-stage and 48.5% (16/33) of pT3-stage tissue samples compared to normal tissues (Figure 2F). Moreover, a significant downregulation of miR-372-3p level in the N0 (**p < 0.01) and N2 (**p < 0.01) of lymph node metastasis groups was observed (Figure 2G). A >2-fold reduction of miR-372-3p was found in 42.9% (9/21) of the N0 group and 55.6% (5/9) of the N2 group (Figure 2H). More detailed relationship between miR-372 expression (qPCR) and clinicopathological characteristics of colon cancer is shown in Supplementary Table S1.
[image: Figure 2]FIGURE 2 | Downregulation of miR-372-3p was observed in colon cancer tissues. (A) miR-372-3p expression levels in colon cancer. Tissue samples from 21 colon cancer patients and their matched adjacent and normal tissues were used to assess the miR-372-3p expression (normalized to U6). Data are presented using mean ±standard deviation values. *p < 0.05 vs. normal group. (B) Expression patterns of miR-372-3p in colon cancer. Each bar presents the log2 value of the ratio of miR-372-3p expression levels between colon cancer and matched normal tissues or adjacent and normal tissues from the same patients (n = 21). A bar value >1 represents a >2-fold increase, whereas a bar value <1, represents a >2-fold decrease. Each bar represents the means of three independent replications. (C) 2E-deltaCT (normalized to U6) values of miR-372-3p in colon cancer and normal tissues. ***p < 0.001 vs. normal tissues. (D) Ratios of miR-372-3p expression levels between colon cancer and matched normal tissues from the same patients (n = 45). (E) 2E-deltaCT analysis of pathologic stage T2 and T3 tissue samples. Values are displayed per 2E-deltaCT (normalized to U6) in colon cancer or matched normal tissues. *p < 0.05, **p < 0.001 vs. normal tissues. (F) Patterns of miR-372-3p mRNA expression at pathological stage T2 and T3. (G) Results of 2E-deltaCT analysis performed according to the lymph node status. *p < 0.05, **p < 0.001 vs. the normal group. (H) Patterns of miR-372-3p mRNA expression in different lymph node status. N0, no nearby lymph node metastasis; N1, one to two nearby lymph node metastasis; N2, three to six nearby lymph node metastasis. All qPCRs were performed in three independent experiments with three replicates per group. Statistical differences between two groups were analyzed using the Mann Whitney test. CC, colon cancer.
To explore the correlation between low expression of miR-372-3p and the aforementioned parameters, such as p53, Ki67, HRE-2, MSHs/PMS2, the miR-372-3p expression levels of 45 samples were analyzed according to the different IHC-positive percentages of the above parameters. As shown in Figure 3A, there was a correlation between low expression of miR-372 and highly expressed Ki67 (R2 = 0.1233; p = 0.018), in other words, low expression of miR-372 was more evident in tissues with high Ki67 expression, suggesting that miR-372 may be involved in cell proliferation. However, no correlation was found between low expression of miR-372 and expression of p53 (R2 = 0.01056; p = 0.5018), HRE-2 (R2 = 2.164E-05; p = 0.9758), or MSHs (R2 = 0.001131; p = 0.8264) (Figures 3B–D). More detailed relationship between miR-372 expression (qPCR) and IHC parameters of colon cancer is shown in Supplementary Table S2.
[image: Figure 3]FIGURE 3 | Correlation between miR-372-3p expression and clinicopathological parameters, including Ki67, p53, HRE-2, MSHs, and PMS2, in colon cancer tissues. The Y-axis exhibits the log2 values of the ratio of miR-372-3p expression levels between colon cancer and matched normal tissues, and the X-axis exhibits the positive percentages of IHC staining of Ki67 (A), p53 (B), HRE-2 (scores) (C), MLHs/PMS2 (D). The correlation between miR-372-3p expression and above parameters was statistically analyzed using the GraphPad Prism software.
Expression of miR-372-3p and the MAP3K2 Gene in Colon Cancer Tissues Was Negatively Correlated
To elucidate the potential mechanism of miR-372-3p mediated tumorigenesis in colon cancer, HDAC4, Wee1, p21, and MAP3K2 were selected as the potential targets of miR-372-3p since complementary sequences were found in their 3′-UTR regions. The relative expression levels of HDAC4, p21, and Wee1 were measured using the qPCR approach (Figures 4A–C). Compared to matched normal tissues, no statistically significant difference was observed in the gene expression of p21 in colon cancer tissues (p > 0.05). However, higher expressed HDAC4 (*p < 0.05) and lower expressed Wee 1 (***p < 0.0001) mRNA were observed in tumor tissues than that of the matched normal tissues, respectively (Figures 4B,C). To facilitate the observation of the correlation between miR-372-3p and potential genes, the log2 value of the ratio between tumor and matched normal tissues from the same patient was placed on the same chart. Obviously, there was an irregular correlation between the expressions of miR-372-3p and HDAC4 (R2 = 0.007252; p = 0.7722) or miR-372-3p and p21 (R2 = 0.002285; p = 0.8768) or miR-372-3p and Wee1 (R2 = 0.009291; p = 0.2187) (Figures 4D,E). MAP3K2, a member of the serine/threonine protein kinase family, plays a critical role in the MAP kinase signaling pathway by activating other kinases. In our experiments, a significant increase in MAP3K2 expression was observed in colon cancer tissues compared to matched normal tissues (***p < 0.0001) (Figure 4G). Further analysis of the expression of 22 colon cancer samples showed significant (>2-fold increased) up-regulation of MAP3K2 in 77.3% (17/22) of patients, while there was an increase (>2-fold decrease) in 27.3% (6/22) of adjacent tissue samples (Figure 4H). In the scatterplot, the log2 value of the ratio between tumor and matched normal tissues from the same patient seemed to show a negative correlation (R2 = 0.1408; p = 0.04492), suggesting a potential relationship between MAP3K2 and miR-372-3p (Figure 4I).
[image: Figure 4]FIGURE 4 | MAP3K2 may be the potential target of miR-372-3p in colon cancer tissues. (A–C) mRNA expression levels of the potential targets of miR-372-3p including p21, HDAC4, and Wee1, are displayed as 2E-deltaCT (normalized to GAPDH) in colon cancer or matched normal tissues. **p < 0.01 vs. normal tissues (Mann Whitney test). (D–F) Correlation between miR-372-3p expression and its potential targets p21, HDAC4, and Wee1 in colon cancer. The Y-axis exhibits the log2 value of the ratio of miR-372-3p (orange triangle) and p21, HDAC4, or Wee1 (blue circle) expression levels between colon cancer and matched normal tissues, and the X-axis exhibits the number of samples. The correlation between miR-372-3p and p21, HDAC4, or Wee1 was statistically analyzed using the GraphPad Prism software. (G) MAP3K2 mRNA expression (normalized to GAPDH) in colon cancer, matched adjacent and normal tissues. ***p < 0.0001 vs. normal tissues (one-way analysis of variance). (H) Expression patterns of MAP3K2 in colon cancer and matched adjacent tissues. Each bar presents the log2 value of the ratio of MAP3K2 expression levels between colon cancer and matched normal tissues or adjacent and normal tissues from the same patients. (I) Correlation between miR-372-3p and MAP3K2 expression levels in colon cancer tissues. The Y-axis exhibits the log2 value of the ratio of miR-372-3p (orange triangle) and MAP3K2 (blue circle) expression levels, and the X-axis exhibits the number of samples. All qPCRs were performed in three independent experiments with three replicates per group.
miR-372-3p Mimics Suppressed Cell Proliferation and Negatively Regulated MAP3K2 Expression by Targeting its 3′-UTR Region in SW480 Colon Cancer Cells
Since the expression of miR-372-3p was significantly different between colon cancer and normal tissues, it is necessary to know whether miR-372-3p can affect the growth and proliferation of colon cancer cells. To do that, a 277-bp DNA fragment carrying pri-miR-372-3p was inserted between the XhoI and BamHI sites in the pmR-mCherry vector (Supplementary Figure S1A). The expression of pri-miR-372-3p was confirmed by transfecting pmR-pri-miR-372-3p plasmids in SW480 colon cancer cells, and this expression was effectively inhibited by co-transfecting with miR-372-3p inhibitors in a dose-dependent manner (Supplementary Figure S1B). After confirming the expression of miR-372-3p, CCK-8 and MTT assays were tested to assess the effect of miR-372-3p mimics on cell proliferation. As shown in Figure 5A, a significant reduction in cell viability was observed at 24 (*p < 0.05) and 48 (**p < 0.01) hours after miR-372-3p mimics application compared to empty vector transfected cells. Simultaneously, this inhibition was effectively restored by adding miR-372-3p inhibitors (#p < 0.05). Similar results were obtained in MTT [3-(4,5-Dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide] assays (Supplementary Figure S1C). Consistent with this, colony formation results also confirmed that miR-372-3p mimics can inhibit SW480 cell proliferation. The clonogenic ability of SW480 cells was suppressed by transfecting with increasing amounts of miR-372-3p, and this effect was antagonized by inhibitors (Figure 5B, upper). The quantified number of colonies in each group is shown in Figure 5B (lower).
[image: Figure 5]FIGURE 5 | miR-372-3p suppressed cell proliferation in SW480 colon cancer cells, and also negatively regulated MAP3K2 expression. (A) SW480 cell proliferation was inhibited by miR-372-3p mimics. SW480 cells were transiently transfected with miR-372-3p mimics in the presence or absence of miR-372-3p inhibitors. The cell viability was then detected using a CCK-8 assay kit at 24 and 48 h. Data are presented using mean ± standard deviation values. *p < 0.05, **p < 0.001, vs. the vector group, #p < 0.05, ##p < 0.01, vs. the miR-372-3p 3 µg group (Mann Whitney test). (B) Colony-formation assay. The colony-formation ability of SW480 cells was analyzed with a colony formation assay (upper), and the quantified numbers of colonies for each group are displayed as a bar graph (lower). Data are presented using mean ± standard deviation values. **p < 0.01, ***p < 0.001, vs. The vector group, ##p < 0.01, ###p < 0.001, vs. the miR-372-3p 3 µg group (Mann Whitney test). (C,D) Effects of miR-372-3p on the MAP3K2 expression in SW480 cells. Cells were transfected with miR-372-3p mimics (0, 1, 3 µg). MAP3K2 mRNA was detected using RT-qPCR (at 48 h) (C), and the protein levels were analyzed with western bloting (at 48 and 72 h) approach (D). GAPDH was used as an internal control. (E) The MAP3K2 protein level reduced by miR-372-3p was restored by co-transfection with miR-372-3p inhibitors in SW480 cells. (F) Binding sites of miR-372-3p on the MAP3K2 3′-UTR. The 3′-UTR fragments of human MAP3K2 (+21 to +472 bp, +6394 to +6656 bp) were cloned downstream of the luciferase between the MulI and HindIII sites.
The UALCAN website provides publicly available cancer OMICS data, including from the cancer genome atlas (TCGA), MET500, clinical proteomic tumor analysis consortium, and children’s brain tumor tissue consortium, and can obtain valuable information and data on genes/targets of interest. Supplementary Figure S1D shows a graph downloaded from this website revealing the effect of MAP3K2 expression on the survival of patients with colon adenocarcinoma (http://ualcan.path.uab.edu/cgibin/TCGAsurvival1.pl?genenam MAP3K2&ctype=COAD). Although there was no significant difference in the survival rate between groups with high (n = 71) and low (n = 208) expression of MAP3K2, the survival period of the low-expression group (>12 years) was obviously longer than that of the high-expression group (<7 years), suggesting that the suppression of MAP3K2 expression in colon cancer may be beneficial to improve the survival rate of patients. In our experiments, overexpression of increasing amounts of miR-372-3p dose-dependently suppressed MAP3K2 expression in both mRNA (Figure 5C) and protein (Figure 5D) levels in SW480 cells. However, co-transfection of miR-372-3p and its inhibitors completely inhibited miR-372-3p mediated reduction of MAP3K2 (Figure 5E), suggesting that miR-372-3p may target and regulate MAP3K2 expression.
To validate the predicted MAP3K2 that was actually suppressed by miR-372-3p in colon cancer cells, we constructed two luciferase reporter plasmids containing the miR-372-3p target sites (264–270 and 6552–6558) in the MAP3K2 3′-UTR region (Figure 5F). The 3′-UTR luciferase activity of MAP3K2 was significantly repressed by miR-372-3p mimics (Figures 6A,B, upper). Also, while the miR-372-3p target sites in the 3′-UTRs linked to the luciferase reporter were mutagenized, both mutant sites lost their response to miR-372-3p (Figures 6A,B, lower), indicating the site-specificity of the repression.
[image: Figure 6]FIGURE 6 | miR-372-3p modulated the expression of MAP3K2 by targeting its 3′-UTR in SW480 colon cancer cells. (A,B) Relative luciferase activities of pMIR-MAP3K2 3′-UTR wild type (wt) and mutants (mt) were detected in pMIR-Vector and miR-372-3p mimics (0, 1, and 2 µg) groups. *p < 0.05, **p < 0.01, ***p < 0.001, vs. vector group (Mann Whitney test). Three biological replicates were conducted.
DISCUSSION
In this study, we observed that miR-372-3p is less strongly expressed in patients with colon cancer, and this pattern was associated with highly expressed MAP3K2 involved in the regulation of MAP kinases and other signaling pathways (Uhlik et al., 2004; Cuevas et al., 2007). It is well known that the mitogen-activated protein kinase-like protein (MAPK) signaling pathways regulate many cellular processes, such as survival, proliferation, differentiation, migration, and apoptosis. Three of the major MAPK pathways are extracellular regulated kinases 1 and 2, c-Jun-N-terminal kinases (JNKs), and p38 (Qi et al., 2005). Using a candidate gene approach and data on the risk of colon and rectal cancer from population-based case–control studies, Slattery et al. evaluated genetic variations in MAPK pathways, and found that both p38 and JNK were highly expressed in colonic adenomatous polyps; however, the ERK-signaling pathway was more closely associated with rectal cancer given the number of genes in this pathway associated with rectal cancer but not colon cancer (Slattery et al., 2012), suggesting that the MAPK signaling pathway may respond differently in distinct tumors according to the various molecular mechanisms.
MAPK signaling pathway activation is frequently reported in certain carcinoma, (Guo et al., 2018), therefore, inhibition of MAPK signaling pathway activation may be beneficial in cancer therapy. Genome-wide analysis showed that MAP3K2 can act as stress-activated protein kinase in MAPK signaling pathway and may be involved in the regulation of MAPK signaling pathway in cancer deterioration (Pan et al., 2017). In lung cancer tissues, higher expressed MAP3K2 was confirmed. While knockdown of MAP3K2 by siRNA inhibited lung cancer cell proliferation, migration and invasion in vitro. Furthermore, miR-186 can suppress cell proliferation and metastasis through targeting MAP3K2 in non-small cell lung cancer (Huang et al., 2016). Subsequent research also confirmed that both miR-302 (Wang et al., 2019) and miR-299-3p (Liu et al., 2020) bind to the complementary sequences of the MAP3K2-3′-UTR, and thereby inhibit cell proliferation by downregulating MAP3K2 in HepG2/SMMC-7721 hepatocellular carcinoma and lung squamous cell carcinoma, respectively. Thus, inhibiting MAP3K2 in certain cancers may play a role in the treatment of cancer.
In our experiments, the higher expression of MAP3K2 in patients with colon cancer was negatively correlated with the miR-372-3p expression, indicating that MAP3K2 may be a potential target of miR-372-3p. However, although the target relationship between miR-372-3p and MAP3K2 was observed, it cannot be determined that miR-372-3p directly regulates MAP3K2, because a single miRNA usually targets multiple potential protein-coding genes (Vincent et al., 2014). Therefore, experimental studies in cells may help to overcome the above limitations. As mentioned before, miR-372 is considered to have dual roles in cells, where it can serve as a tumor-suppressor or an oncogene. In our experimental conditions, lower expression of miR-372-3p was observed in patients with colon cancer. This seems to be contrary to the reported high expression of miR-372 in colorectal cancer. Although we cannot rule out the possibility of discrepancies in results due to the limited number of tissue samples, based on the published literatures, at least the tissue types, tumor progression, the individual differences of patients with cancer, and the different types of genes interacting with miR-372 may be related. However, it is certain that the colorectal samples from patients without liver metastasis expressed miR-372 at a significantly lower level than those from patients with liver metastasis (Yamashita et al., 2012), suggesting that there may be different molecular mechanisms in colorectal cancer cells that are prone to distant metastasis. We also confirmed that mimicking the increased miR-372-3p levels in colon cancer SW480 cells inhibited cell proliferation. Consistent with this, significant low expression of miR-372 was found more frequently in patients with elevated cell proliferation marker Ki67. Importantly, increased miR-372-3p mimics suppressed MAP3K2 in both mRNA and protein levels in SW480 cells in a dose-dependent manner, and this effect was blocked by miR-372-3p inhibitors, prompting the idea that miR-372-3p inhibits the proliferation of SW480 cells by inhibiting the MAPK signaling pathway by targeting MAP3K2.
CONCLUSION
In summary, restoration of the expression level of miR-372-3p inhibits the MAPK signal pathway by targeting MAP3K2. This finding not only uncovers the potential molecular mechanism underlying the miR-372-3p inhibition of colon cancer cell growth by targeting MAP3K2 but also opens up a new approach for the development of a therapeutic strategy for colon cancer.
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Supplementary Figure S1 | (A) The diagram of miR-372-3p expression plasmid construction. (B) Confirmation of miR-372-3p expression in SW480 cells. Cells were transfected with 0, 1, or 3 µg of mR-miR-372-3p plasmids in the presence or absence of 300 pmol of miR-372-3p inhibitors. Then, 48 h later, miR-372-3p levels were measured by qPCR. Data are presented using mean ± standard deviation values. **p < 0.01, ***p < 0.001, Mann Whitney test was performed between miR-372-3p and miR-372-3p + inhibitor cells. (C) MTT assay. SW480 cells were transiently transfected with miR-372-3p mimics in the presence or absence of miR-372-3p inhibitors. The cell viability was then detected using a MTT assay kit at 24 and 48 hours. Data are presented using mean ± standard deviation values. *p < 0.05, **p < 0.001, vs. the vector group, #p<0.05, ##p<0.01, vs. the miR-372-3p 3 µg group (Mann Whitney test). (D) Survival probability of MAP3K2 in colon adenocarcinoma (COAD) (Ualcan database, http://ualcan.path.uab.edu/analysis.html).
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HDAC4, histone deacetylase 4; HRE-2, hypoxia response element-2; LATS2, Large tumor suppressor homolog 2; MAP3K2, mitogen-activated protein kinase kinase kinase 2 (MEKK2); MAPK, mitogen-activated protein kinase-like protein; MLH1, mutL homolog 1; MSH2, mutS homolog 2; p21, cyclin dependent kinase inhibitor 1A (CDKN1A); PMS2, mismatch repair system component 2; Wee1, WEE1 G2 checkpoint kinase.
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KDM4 proteins are a subfamily of histone demethylases that target the trimethylation of lysines 9 and 36 of histone H3, which are associated with transcriptional repression and elongation respectively. Their deregulation in cancer may lead to chromatin structure alteration and transcriptional defects that could promote malignancy. Despite that KDM4 proteins are promising drug targets in cancer therapy, only a few drugs have been described as inhibitors of these enzymes, while studies on natural compounds as possible inhibitors are still needed. Natural compounds are a major source of biologically active substances and many are known to target epigenetic processes such as DNA methylation and histone deacetylation, making them a rich source for the discovery of new histone demethylase inhibitors. Here, using transcriptomic analyses we determined that the KDM4 family is deregulated and associated with a poor prognosis in multiple neoplastic tissues. Also, by molecular docking and molecular dynamics approaches, we screened the COCONUT database to search for inhibitors of natural origin compared to FDA-approved drugs and DrugBank databases. We found that molecules from natural products presented the best scores in the FRED docking analysis. Molecules with sugars, aromatic rings, and the presence of OH or O- groups favor the interaction with the active site of KDM4 subfamily proteins. Finally, we integrated a protein-protein interaction network to correlate data from transcriptomic analysis and docking screenings to propose FDA-approved drugs that could be used as multitarget therapies or in combination with the potential natural inhibitors of KDM4 enzymes. This study highlights the relevance of the KDM4 family in cancer and proposes natural compounds that could be used as potential therapies.
Keywords: epigenetics (chromatin remodeling), KDM4 inhibitor, cancer, natural compounds, drug discovery, structural biology
INTRODUCTION
Histone methylation is the addition of methyl groups to the arginine (R) and lysine (K) residues on histone tails (Portela and Esteller, 2010). The methylation and demethylation of the different lysines in each histone tail allow a dynamic regulation of the chromatin state (Jambhekar et al., 2019) that affects transcription depending on the residue and the number of methyl groups added (lysines can be mono, di, and trimethylated). Histone lysine methylation marks are regulated by two sets of enzymes: histone lysine methyltransferases and histone lysine demethylases (KDMs) (García et al., 2016). KDMs can be divided into two families according to their mechanisms of action (Sterling et al., 2020). The lysine-specific demethylases (LSD) family is characterized by its catalytic site, which requires an available pair of electrons in the nitrogen atom from the lysine that is going to be demethylated; thus, they can only remove mono and dimethyl groups (Stavropoulos et al., 2006). On the other hand, the Jumonji-C domain-containing (JMJC) family is dependent on Fe2+ and 2-oxoglutarate and does not require an available pair of electrons for its catalytic activity, which is why it can target mono, di, and trimethylated lysines (Tsukada et al., 2006a); for further reaction mechanism details, see (Guerra-Calderas et al., 2015); (Ramanan et al., 2020), and (Cortopassi et al., 2015). Besides, in vitro studies have detected arginine demethylase activities for KDM4A and KDM4E (Walport et al., 2016), even though molecular dynamics simulations combined with quantum mechanical and molecular mechanical calculations suggest that KDM4E demethylase activity is more efficient when an arginine residue is the substrate rather than a lysine residue (Ramanan et al., 2021). KDMs are also divided into eight subfamilies (KDM1-8) according to the similarity of their catalytic domain and their substrate specificity (Sterling et al., 2020).
The KDM4 subfamily is part of the JMJC group. It is composed of five functional members (KDM4A-E) that mainly target the trimethylation of H3K36 and H3K9, which are associated with active transcription and heterochromatin (transcriptional repression), respectively (Katoh and Katoh 2004; Shin and Janknecht 2007b; Labbé et al., 2013; Zhao and Garcia 2015). The KDM4 proteins are of great interest as drug targets due to their oncogenic potential (Rotili and Mai, 2011; Agger et al., 2019). For instance, KDM4A is overexpressed and sometimes amplified in several neoplasms such as leukemia, lung, prostate, colorectal, and breast cancer (Guerra-Calderas et al., 2015). It has also been reported that the inhibition or downregulation of KDM4A causes a decrease in the proliferation of acute myeloid leukemia (Massett et al., 2021), breast cancer (Metzger et al., 2017), and prostate cancer (Mu et al., 2019). KDM4B promotes carcinogenesis in estrogen receptor-positive breast cancer (Yang et al., 2010; Kawazu et al., 2011) and has also been associated with poor outcomes in gastric cancer (Wu et al., 2019), castration-resistant prostate cancer (Sha et al., 2020) and osteosarcoma (Liu et al., 2020). KDM4C promotes malignancy in multiple neoplasms, such as multiple myeloma (Lv and Liu, 2021), glioblastoma (Lee et al., 2021), and squamous cell carcinoma (Labbé et al., 2013).
Only a few studies have explored KDM4D and E’s role in cancer; these proteins are shorter than KDM4A-C because they lack the C-terminal PHD and Tudor domains, required for histone recognition and binding (Labbé et al., 2013). In non-neoplastic tissues, KDM4D is mainly expressed in the testis (Iwamori et al., 2011); a few reports suggested that it contributes to the establishment of androgen-independent prostate cancer (Shin and Janknecht, 2007a), acts as a repressor of p53 in colorectal cancer (Li et al., 2020) and promotes liver cancer progression (Deng et al., 2021). On the other hand, until recently, KDM4E was considered a pseudogene due to its low expression levels; however, recent reports point out that it encodes an active enzyme involved in H3K9me3 demethylation (Hillringhaus et al., 2011; Liu et al., 2018); nevertheless, KDM4E’s role in cancer has not been explored yet.
Although the KDM4 proteins are promising targets for cancer therapy, currently there are few reports of KDM4 small-molecule inhibitors [see (Lee et al., 2020) for a comprehensive review]. Nevertheless, all of them target more than one family member due to the similarity of their catalytic domains. For example, disulfiram and ebselen are metal cofactor disruptors that inhibit KDM4A through the obstruction of the Zn2+ ion at its catalytic site; however, those drugs target other zinc-binding proteins as well, including other KDMs (Rotili and Mai, 2011). Other known KDM4A inhibitors are 2-oxoglutarate analogs, these molecules act as competitive inhibitors but, since 2-oxoglutarate is a cofactor for several other enzymes including all the JMJC family, these molecules have low specificity (Baby et al., 2021). Because there are cancer types that show dysregulation of only one family member (Sterling et al., 2020), it is important to achieve specific and effective inhibitors for each enzyme. Moreover, most of the KDM4 inhibitors reported to date have only shown in vitro activity (Chin and Han, 2015), consequently, there is still a lack of validated drugs that could be used in cancer therapy.
Natural compounds have always been a major source of biologically active substances, and many are known for their effect on epigenetic processes such as DNA methylation, histone marks and lncRNAs (Yang et al., 2018). The KDM enzymes are no exception; for example, several natural products like resveratrol, curcumin and melatonin have been reported as inhibitors of the LSD1 enzymes (Fang et al., 2020). Tripartin, a compound produced by a bacteria found in dung beetles, is the only natural inhibitor reported for the KDM4 subfamily (Kim et al., 2013). However, another study showed that tripartin and its analogs increased H3K9me3 levels but did not directly interact with KDM4 proteins, suggesting that their mechanisms of action could involve other enzymes (Guillade et al., 2018).
Currently, drug repurposing allows the use of medications, previously indicated to certain diseases, as new therapeutic alternatives for other diseases by identifying the protein targets of these drugs. It is cost-effective and has been reinforced by computational approaches such as molecular docking (Pushpakom et al., 2019). In this work, we evaluated the KDM4 subfamily’s role in cancer and searched for natural and previously FDA-approved compounds that could potentially inhibit the KDM4 proteins. Our work highlights the value of the KDM4 subfamily as therapeutic targets and, using a combination of transcriptomic and structural biology approaches, we provide a set of compounds with high inhibitory and clinical potential in cancer.
MATERIALS AND METHODS
Gene Expression Datasets
Survival information and gene expression levels of non-neoplastic and tumor samples (the “TCGA TARGET GTEx” dataset) were downloaded from Xena Browser (Vivian et al., 2017; Goldman et al., 2020). RSEM expected counts (TcgaTargetGtex_gene_expected_count) were used as input for differential expression analysis. Only cancer types with associated normal tissue available were considered for analysis.
Survival Analysis
Event and time-to-event information was used to evaluate the association between expression of the KDM4 subfamily genes and Overall Survival of patients using the Survival v3.2-11 package (Grambsch and Therneau, 2000). For COX Proportional Hazards, association was considered significant if p value <0.05. COXPH estimate <0 was labeled as “good prognosis” and COXPH estimate >0 as “bad prognosis”. Kaplan Meier plot and Log Rank Test were performed using patients with KDM expression < Q1 (Low-KDM) and patients with KDM expression > Q3 (High-KDM). Difference in overall survival between groups was considered significant with p value <0.05.
Differential Expression Analysis
Normalized RSEM expected counts from Xena Browser were converted to RSEM expected counts (RSEM expected counts = 2∧(normalized RSEM expected counts) ‐1) and used as input for DESeq2 v1.32.0 to compare neoplastic vs. non-neoplastic samples (Love et al., 2014). Differential expression analysis was also performed within a specific cancer type by comparing two groups: patients with KDM expression > Q3 (High-KDM) versus patients with KDM expression < Q1 (Low-KDM). Genes with abs (log2FoldChange) > log2 (1.5) and padj <0.05 were selected as Differentially Expressed Genes (DEGs). For this last analysis samples were chosen if they were labeled as “bad prognosis” by the COXPH test or if they had a significant Log-rank test between the groups used for the Kaplan Meier plot where the High-KDM group had a lower survival expectancy than the Low-KDM group.
DEGs Enrichment Analysis
Enrichment analyses for DEGs were performed with gProfiler2 (Kolberg et al., 2020) using the Hallmark Gene Set Collection gmt file from the Molecular Signatures Database (MSigDB) (Liberzon et al., 2015). The correction method used was g:SCS and an adjusted p value significance threshold of 0.05. All the genes expressed in each sample were used as background.
Ligand Libraries Preparation
Virtual ligand screening studies were performed against three databases: DrugBank (Wishart et al., 2018), the FDA-approved and passed phase I drug library (obtained from www.selleckchem.com), and COCONUT (Sorokina et al., 2021). The databases contained 9131, 3034, and 406,747 compounds, respectively. The libraries were filtered using OpenEye’s FILTER algorithm (OpenEye Scientific Software, 2021); the filters applied can be found in Supplementary File S1. The ionization state was established through OpenEye’s FIXPKA algorithm. Charges were calculated with OpenEye’s molcharge tool and the AM1-BCC method (Jakalian et al., 2002). Ten low-energy conformers were generated for each molecule with the OMEGA algorithm.
Target Preparation
The crystallographic structures for KDM4 active sites were downloaded from Protein Data Bank (PDB). The accession numbers and references for all the models used are available in Table 1. The missing portions of the molecules were modeled with SWISS-MODEL (Waterhouse et al., 2018). The structures (using the active site of KDM4 as target) were prepared for docking with the SPRUCE program included in OpenEye’s OEDocking distribution.
TABLE 1 | Structures used for the molecular docking screenings.
[image: Table 1]Molecular Docking
The KDM4 structures were fitted by structural alignment to maintain the same active site orientation. Different reports have established that KDM4 is active in the presence of Fe2+ and Zn2+ as cofactors in the active site; crystallographic reports have also shown the presence of Ni2+ as a cofactor, with no significant differences in KDM conformation. Since the development of a competitive inhibitor must consider the effect of the metal in the active site, in this work, Zn2+ was considered as the representative metal for the functional activity of KDM4. For the docking study, the representation of coordination bonds between metals and the active site is not necessary, so we consider this as a good representation of the electrostatic potentials for the metal in the force field used. The conserved residue GLU190 of the active site was defined as the anchor point for the search docking box. Amber ff94 force field was used for protein and Zn2+ partial charges calculation.
Two systems were implemented to understand the metal influence over KDM4 proteins’ active site, HOLO and APO. The HOLO form included the Zn2+ cofactors in the active site of each KDM4. For the APO system, any metal cofactor was removed for the analysis. Each cured chemical database was docked to the receptor in APO as GLU190 residue as reference of binding site, while for the HOLO form we used GLU190 and Zn2+ as reference for the FRED program from OpenEye Scientific software. The Chemgauss4 scoring function was used, and the top 100 scoring molecules for each case were considered possible hits.
Flexophore Similarity Analysis Between Compounds
The 3D-pharmacophore similarity analysis between compounds was performed with DataWarrior (Sander et al., 2015) using the Flexophore descriptor. Two compounds were considered similar if their similarity relationship surpassed a threshold of 95%. For each protein and database evaluated, the top 100 scoring compounds were analyzed. As nine different PDB structures were used for KDM4D, a random sample of 100 compounds from each database were chosen.
Molecular Dynamics Simulations and Absolute Binding Energy Calculations
Molecular docking methods are efficient tools for large database screening; however, their main limitation is inaccurate binding energy estimations. The molecular mechanics Poisson–Boltzmann surface area (MM-PBSA) method was used to estimate the absolute binding energy (ΔGPBSA) of the ligands. Since this approach requires a large amount of computational resources, we performed the ΔGPBSA calculation for only a subset of molecules according to the following criteria:
a) Molecules that bind only to one KDM4
b) Molecules that bind to some or all the significantly overexpressed KDM4s in a cancer type.
c) The best 10 molecules for each KDM4 according to their FRED/Chemgauss4 score, regardless of the source database.
Briefly, each protein-ligand complex was subjected to 20 ns of molecular dynamics simulations using GROMACS 5.1.15 (Abraham et al., 2015). The files were processed by pdb2gmx, setting AMBER99SB as the force field and TIP3P as the water model. Due to the difficulty of simulating Zn coordination states, all the simulations were performed using the APO form. Partial charge AM1BCC obtained with MOLCHARGE for each ligand was conserved. The van der Waals and topology parameters of the ligands were generated with ACPYPE setting GAFF as the force field (Silva and Vranken, 2012). The complexes were enclosed into a dodecahedral box with a minimum box-solute distance of 1.0 nm, and the cell was filled with water. Each system was equilibrated using the conditions previously described by Kumari et al. (2014). After equilibration, a 20 ns production run was carried out. The ΔGPBSA was calculated with GROMACS g_mmpbsa (Kumari et al., 2014).
Network Analysis
The network analysis was performed with a selection of input genes which were selected as follows:
- The starting point were the top 100 drugs from the DrugBank database for each KDM as evaluated through the molecular docking analysis, which were used to retrieve their target proteins using the protein-drug interactions integrated in NeDRex (Sadegh et al., 2021).
- Only upregulated genes identified in the comparisons between High-KDM and Low-KDM were selected.
The protein-protein interaction network used as reference was obtained from IID version 2021-04 (Kotlyar et al., 2019), only the experimentally validated edges (“exp”, “exp;ortho”, “exp;ortho; pred” or “exp;pred”) were used. The networks were assembled with KeyPathwayMiner (K = 3 and L = 0) (Alcaraz et al., 2020). Only the upregulated proteins targeted by the top 100 compounds from the DrugBank database for each KDM were used as input. The differentially expressed KDM4s in each tumor were defined as positive nodes. Protein-drug and protein-protein interaction networks were merged and edited using Cytoscape 3.8.2 (Shannon et al., 2003).
RESULTS
KDM4 Subfamily Expression is of Bad Prognosis in Cancer
To address the KDM4 subfamily’s role in cancer, we carried out gene expression analysis on a broad set of publicly available tumor and non-neoplastic tissue samples (Figure 1A). The differential expression analysis of the tumor samples vs. the non-neoplastic tissue showed that KDM4A-D subfamily members are deregulated in several tumors and there are several combinations of differentially expressed KDM4s for each tumor type. KDM4D and KDM4A are the most notable genes since they are mostly overexpressed while KDM4B and C are usually downregulated compared to non-neoplastic tissue (Figure 1B). To further characterize the clinical significance of the KDM4 subfamily members, two survival analyses were conducted; CoxPH and Kaplan Meier (Figure 1B). For the last one, samples were divided into two groups according to their KDM expression: low (first quartile) and high (fourth quartile, Figure 1C). KDM4A overexpression indicates a bad prognosis for Uterine Corpus Endometrioid Carcinoma, Liver Hepatocellular Carcinoma, Adrenocortical Cancer, Brain Lower Grade Glioma, and Uterine Carcinoma. KDM4B overexpression is a bad prognosis for Adrenocortical Cancer and Thyroid Carcinoma. KDM4C expression is related to a bad prognosis for Rectum Adenocarcinoma and Pheochromocytoma and Paraganglioma. KDM4D is related to a bad prognosis for Lung Adenocarcinoma, Adrenocortical Cancer, and Liver Hepatocellular Carcinoma. Finally, since KDM4E expression is low in most of the samples evaluated, we do not report the differential expression analysis or the survival analysis for this gene.
[image: Figure 1]FIGURE 1 | KDM4 family expression in cancer. (A) The number of samples used for the transcriptomic and survival analysis. Samples were obtained from TCGA, TARGET and GTEx databases. (B) Gene expression and survival analysis for each KDM4 protein. The first panel shows the differential expression analysis of the tumor samples vs. the non-neoplastic tissue. The second panel shows the CoxPH and Kaplan Meier survival analysis as adjacent columns for each KDM4 protein. For CoxPH analysis (first column), the tile color indicates if high levels of the KDM4 are of bad or good prognosis (p value <0.05). For the Kaplan-Meier analysis (second column), tumor samples were divided into two groups according to their KDM expression: Low-KDM and patients with High-KDM (p value <0.05). White tiles represent non significant association. (C) Significant Kaplan Meier curves of the KDM4 protein overexpressed in the cancer type where only a bad prognosis relationship was found with p value <0.05.
We next seek to evaluate the relevance of the KDM4 proteins in a selected group of cancer types, the selection considered the fact that we are interested in inhibitor molecules; thus, the tumors used for further evaluation are the ones where the overexpression is related to bad prognosis. We conducted a differential expression analysis comparing only the tumor samples ranked by KDM expression: high-KDM (fourth quartile) vs. low-KDM (first quartile). The log2 Fold Change (log2FC) of each KDM4 protein and the number of differentially expressed genes (DEGs) in each comparison are shown in Figure 2A. Enrichment analysis of the DEGs against the GSEA Hallmarks database showed that, in cancer, the genes regulated by the KDM4 family are involved in processes such as TNFα signaling by NFкB, interferon-gamma response, inflammatory response, G2M checkpoint, and p53 pathway (Figure 2B). Overall, our data suggest that KDM4 proteins are relevant targets to screen for specific inhibitors that could be beneficial in the treatment of neoplasms.
[image: Figure 2]FIGURE 2 | Differential expression and enrichment analysis of the KDM4 family. (A) The left panel of squares represents the 12 types of tumors where the deregulation of the KDM4 subfamily is of bad prognosis. The differential expression analysis was performed comparing High-KDM vs. Low-KDM samples. Color intensity is related to the log2(FC). The right panel represents the number of differentially expressed genes (DEG) for each comparison. (B) Hallmarks of Cancer enrichment analysis for the DEG in each sample. Color intensity represents the pvalue and size of the intersection size.
Natural Compounds as Promising Potential KDM4 Subfamily Inhibitors
Since we observed that KDM4 proteins are deregulated in several neoplasies and that their expression is related to several processes associated with cancer, we next used molecular docking to screen for potential inhibitory compounds. In order to explore the scaffold for inhibition specificity, we docked a total of 418,912 compounds from three different databases (DrugBank, FDA, and COCONUT) against the active sites of each KDM4; the protein targets used are disclosed in Table 1. Previous to the molecular docking analysis, the available PDB structures for each of the KDM4 proteins were superimposed; no significant changes in the catalytic sites were found between them. Only KDM4D showed important structural variations between the different models available in PDB, mainly in the loops surrounding the active site entrance. For this reason, a single structure was used for KDMs 4A, B, C, and E while we kept 9 for KDM4D to have a representative sample of its different conformations. The Root Mean Square Fluctuation (RMSF) for the KDM4 structures used in this work indicates that overall, the catalytic site’s structure conformation is similar between the different KDM4s, although there is a peak around residue 150 (amino acid numbers are relative to KDM4A) which belongs to the outer loop region with higher mobility (Figure 3A).
[image: Figure 3]FIGURE 3 | Molecular docking against the KDM4 subfamily. (A) Structural 3D alignment (upper panel) and root mean square fluctuation (RMSF, lower panel) for the aminoacid residues of the KDM4 subfamily structures used in this work. The red arrow indicates the location of the residues with the highest RMSF. (B) FRED/Chemgauss4 score distribution for the top 100 compounds from each database (COCONUT, FDA, and DrugBank) that were predicted to bind to each of the KDM4 family members. The fill indicates the enzyme system used, APO (without metal cofactors), and HOLO (with all metallic ions). Size is proportional to each compound’s number of targets according to our docking analysis. (C) FRED/Chemgauss4 score distribution for each of the three databases evaluated. Outlier points are shown in gray.
For docking analysis, both HOLO and APO forms of 13 KDM4 structures were prepared; thus, a total of 26 structures were sampled for FRED/Chemgauss4 docking. The 100 best-scored results were selected, recording a total of 7,800 protein-ligand interactions (Supplementary File S2). Figure 3B shows the score distribution of the 7800 compounds related to the number of different structures that could be targeted by each ligand. Note that the FRED/Chemgauss4 score is related to the binding energy of the protein-ligand complex; thus, large negative values stand for stronger interactions and suggest that a molecule has a higher binding potential. For all the KDM4 enzymes, COCONUT compounds had the best favorable binding score, set between −21 and −15, meanwhile, most of the FDA and DrugBank values trend to locate near less favorable scores (between −16 and −11) and have a notable proportion of outlier ligands with scores greater than −10 (Figure 3C). As shown in Figures 3A,B high protein-ligand interaction count is related to high ligand promiscuity for different KDM4 proteins, whereas the values near to zero suggest that the ligand binding is specific for an enzyme, which is desirable for drug design (Supplementary Files S3, S4). We also observed that the best scores were achieved with the HOLO system in comparison to the APO system, suggesting that the ligands can provide functional groups that act as chelating agents that form coordination bonds with the divalent metal in the active site of the HOLO form of KDM4.
Flexophore-Based Scaffold Suggests Phenols and Sugars as Key for the Design of Potential KDM4 Inhibitors
Next, we seek to further explore whether structural similarities exist among the compounds predicted to bind the KDM4 subfamily members; such findings could be important for understanding the molecular signatures involved in the protein-ligand interactions and for the future development of KDM4 subfamily inhibitors. To address this idea, we evaluated the chemical scaffold of the top 100 hits for each KDM4 from FDA, DrugBank, and COCONUT databases (1,500 molecules total) using a similarity flexophores map. This graphical method tests whether the conformational flexibility of a molecule plays a significant role as a potential inhibitor of proteins (von Korff et al., 2009). Usually, ligands adopt subtle conformations to achieve geometric complementarity with their targets, allowing them to reorganize the attractive and repulsive forces required during their binding. Thus, a molecule with several rotatable bonds (higher flexibility) is more likely to adapt to a binding site. Our flexophore analysis retrieved clusters with maximized edges and nodes that match similar compounds. We analyzed 15 representative clusters, arbitrarily numbered, while isolated nodes (436 out of the 1,500 compounds evaluated) represent ligands with no similar molecules according to the criteria used (Figure 4A). In the literature had been reported molecules experimentally validated as inhibitors of the KDM4 subfamily; thus, for the flexophore analysis, we included 16 compounds cited by (Baby et al., 2021) whose IC50 is of micro to nanomolar range (nodes in bold in Figure 4A). We observed that most of these molecules remained as isolated nodes whose floxophores did not share similarities with the compounds from COCONUT, DrugBank, and FDA databases.
[image: Figure 4]FIGURE 4 | Similarity flexophores map for COCONUT, DrugBank, and FDA top hits. (A) Similarity flexophores map. Each node represents a compound, the node color depicts its FRED/Chemgauss4 score. The node shape indicates which KDM4 the ligand binds. The network edges indicate a relationship of at least 95% of flexophore similarity between compound pairs (neighbors). Black dots represent the compounds from Baby et al., 2021. (B) Node distribution for the compounds belonging to each of the databases evaluated (COCONUT, DrugBank, and FDA). (C) 2D structure for a representative compound from each of the chosen clusters. Clusters were selected based on their size, and edge number.
The molecules’ distribution by library is shown in Figure 4B. The node color represents the Fred/Chemgauss4 score, and the shape indicates to which KDM4 the compound potentially binds. It is noticeable that the two central clusters (numbers 14 and 15) contain mainly COCONUT compounds. Clusters 1, 6, 7, 11, and 12 have a mixture of DrugBank and FDA molecules; cluster 5 has mainly DrugBank compounds, and clusters 1 and 3 contain a combination of the three databases, while the remaining clusters are composed primarily of compounds from the FDA database. A representative molecule for each cluster is displayed in Figure 4C. Clusters with better Fred/Chemgauss4 score and highest node density like clusters 14 and 15, contain molecules composed of 3–4 rings of phenol or pyranose group combinations joined by glycosidic bonds that increase flexibility to the molecules. A similar composition was observed for the molecules from cluster 3, although this set had more members with lower score values than the ones previously mentioned, this can be due to the ketone group joining the rings instead of a glycosidic bond, and the carbonyl of ketone can influence the dipolar moment and flexibility of the molecule altering the possible pi-interactions with the receptor. In general, molecules with fewer than 3 rings (as well as linear molecules), tend to have a lower score. The former indicates that rings from sugars and aromatic molecules favor the interaction with the binding site of KDM4 proteins. We also noticed that OH and O- groups are essential for the interaction between the ligand and KDM4 to doing coordination bonds with their metal cofactors, such as Zn2+, Ni2+ or Fe2+; thus, in drug design, the inclusion of sugars and phenols represents an advantage for the achievement of a competitive inhibitor.
Active Site of KDM4 is Stabilized by Pi-Stacking Aromatic Residues and Favor Flavonoid-Carbohydrates Ligand Binding
Docking algorithms are powerful tools for the identification of potentially inhibitory molecules; however, since their main purpose is to narrow down large compound databases, the protein-ligand binding affinity calculations are often sacrificed to achieve higher calculation speeds. The scoring functions used by these algorithms have serious limitations to adequately estimate binding energies, in addition, they do not consider the conformational changes of ligands and targets. To overcome this challenge, we validated the affinity of Protein-Ligand complexes through molecular dynamics simulations. The absolute binding energy (ΔGPBSA) was calculated with the MM-PBSA method for a representative subset of molecules (20 from FDA, 16 from DrugBank and 25 from COCONUT). Because performing molecular dynamics with HOLO systems represents a computational challenge (Vidossich and Magistrato, 2014), it was decided to calculate the ΔGPBSA only for the APO systems.
The FRED/Chemgauss4 score vs. the calculated ΔGPBSA for each ligand were compared; in both cases, a negative value means that the protein-ligand interaction is favorable; if both values were negative, the hit was considered a success. A successful Protein-Ligand complex means that the interaction predicted by the docking algorithm could be replicated through molecular dynamics simulations, thus there is a high possibility for that ligand to be a KDM4 inhibitor. Since we observed a success rate higher than 60% in all the compounds evaluated (Figure 5A), we considered the predictions obtained by the FRED algorithm as potential KDM4 family inhibitors.
[image: Figure 5]FIGURE 5 | Molecular dynamics simulations and absolute binding energy calculation. (A) FRED/Chemgauss4 vs ΔGPBSA correlation for the best scoring ligands from each database. Ligands that showed a favorable binding energy (<0 kcal/mol) and negative FRED/Chemgauss4 score were considered as successful (red dots). The success percentage represents the proportion of successful molecules for each database. (B) Upper panel: Graphical representation (20 frames) of the molecular dynamics simulation for KDM4A (PDB ID: 5F32) in complex with the CNP0371131 ligand from COCONUT. Lower panel: RMSF value for each residue. (C) Electrostatic potential for the KDM4A-CNP0371131 complex. (D) Graphical representation of the CNP0371131 molecule (green) bound to KDM4A’s catalytic site. The residue numbers correspond to PDB structure 5F32. (E) Average per residue MM-PBSA binding free energy contribution for the KDM4A-CNP0371131 complex.
Since the KDM4A-CNP0371131 complex had the more negative FRED/Chemgauss4 score out of all of the protein-ligand complexes evaluated, it was chosen as a representative example for the conformational changes observed during the molecular dynamics simulations. The per residue RMSF values showed that the loop areas surrounding the KDM4A cavity (residues 170, 225, and C-terminal) are the most flexible areas. It is also noticeable that the ligand is vibrating inside the protein’s active site (Figure 5B). KDM4A’s cavity area is 753.5 A2, its volume is 824 A3, and has an exclusively negative electrostatic potential (Figure 5C). Due to its size, the KDM4A binding site could fit molecules twice the size of structures 14 or 15 in Figure 4C, which have an area of 320 A2 or 303 A2, respectively. The former suggests that only half of the cavity is occupied by the ligand, leaving the other half to the metallic cofactors and the solvent. Therefore, the molecule’s size is not a limitation for the design of a competitive inhibitor; instead, it is the functional groups that coordinate the metallic cofactors and the interactions with the catalytic site’s residues that determines the specificity of the ligand-receptor binding.
A remarkable characteristic of the KDM4A binding site is the presence of several aromatic amino acids (Y, F, W, and H) which not only stabilize the binding site but also contribute to the protein-ligand binding through pi stacking interactions with other aromatic groups. The residues that most frequently interact with the ligands are I71, Q84, N86, Y132, A134, D135, G170, V171, Y175, Y177, F185, H188, E190, D191, S196, N198, W208, L241, and S288. Figure 5D shows an example for CNP0371131 binding to KDM4A, since it is the best scoring complex. H188 stands out because it establishes two coordination bonds with the metallic cofactors (Zn2+, Ni2+, or Fe2+). It was also observed that, although the E and D residues in the catalytic site do not directly interact with the ligands, they do contribute to the overall negative microenvironment of the cavity. For example, epigallocatechin gallate (EGCG), a molecule belonging to cluster number 3, establishes one coordination bond with KDM4A metal through the flavonoid group, meanwhile, the secondary catechol bends in the opposite direction of the metal due to repulsive forces effect between them. Additionally, compounds in clusters 14 and 15 exhibit a favorable orientation of the OH groups of the sugar on the flavonoid that allows the formation of 2–3 coordination bonds with the metal (Figure 5D); although in this case the number of coordination bonds increases, they are not provided by catechol but by the carbohydrates. The former is due to the reduced availability of electrons in the oxygen from the OH of the secondary catechol to form coordination bonds in comparison with those of the sugars that show a higher electron availability and thus, capacity to form more coordination bonds with the Zn2+ at the active site of KDM4A. This is a possible explanation as to why molecules with sugars and phenol groups achieved the best FRED/Chemgauss4 scores.
To study the ΔGPBSA energy distribution through the protein, we calculated the per residue binding energy contribution of the KDM4A-CNP0371131 complex. We observed that the binding energy is mainly driven by long-range electrostatic interactions and it is distributed along all the residues, not only the ones present in the cavity (Figure 5E). In general, the attractive forces (negative values) compensate for the repulsion forces (positive values), and although some peak repulsion forces can be found (such as the one for residue 180), these are compensated by other stabilizing interactions (such as residues 78, 172, 228, 298 and 300), leading to an overall favorable ΔGPBSA energy. The former indicates that the complex is stable; thus the ligand has probabilities of showing KDM4A inhibition activity in vitro. The binding energy is achieved by the contribution of the favorable intrinsic interaction energy (ΔEMM) and the nonpolar interaction energy (ΔEnonpolar), while an unfavorable penalty is applied by the polar interaction energy (ΔEpolar), mainly due to the solvation effect of both the ligand and the active site (Supplementary Figure S4). Together, these results provide an insight into the molecular interactions between the KDM4A catalytic site and small molecules, which could assist in the present and future design of small inhibitors. As an example, Table 2 lists the top molecules obtained from COCONUT, DrugBank, and FDA databases.
TABLE 2 | List of the top molecules with potential inhibitory activity of KDM4 subfamily proteins determined with molecular docking using COCONUT, DrugBank and FDA databases.
[image: Table 2]KDM4 Subfamily Inhibitors are Potential Multitarget Therapies in Cancer
Since our data show that there are some cancer types where more than one KDM is involved, we suggest that a drug that targets all the significant KDM4 proteins in a neoplasm could be highly effective as a therapy. To integrate all this information (KDM4 gene expression, drug inhibitors, and transcriptomic profiles of each cancer with KDM4 overexpression), facilitate interpretation and explore the applicability of the results, we constructed a protein-drug-disease network containing the five KDM4s and the top seven hits for each KDM4 from the three databases evaluated. We also included the neoplasms related to each enzyme; a neoplasm was included if a KDM4 was overexpressed or if it was of bad prognosis in any of the two survival analyses. When integrating these data we observed that according to their KDM4 expression pattern, a different drug set for each neoplasm can be found (Figure 6); for example, KDM4E and D are of importance for Lung Adenocarcinoma, therefore, sulpiride and balanol are FDA-approved drugs that could be considered for the treatment of that cancer. Moreover, KDM4A, B, and D are relevant for Adrenocortical Cancer and Thyroid Carcinoma; thus the COCONUT CNP0002425, CNP0299696, and CNP216191 compounds are prominent candidates for the treatment of those neoplasms. For the therapy of Acute Myeloid Leukemia, since KDM4A, D and E are involved, the CNP0131606 is promising given the fact that it could target those three enzymes. As for the KDM4A-CNP0371131 complex (which had the highest FRED/Chemgauss4 score) we observed that CNP0371131 was exclusive for KDM4A; thus, could be used as a treatment for cancers where only KDM4A is deregulated, such as Uterine Corpus Endometrioid Carcinoma and Testicular Germ Cell Tumor.
[image: Figure 6]FIGURE 6 | Top potential inhibitors of the KDM4A family. The network represents the Drug-Protein and Disease-Protein relationship between the members of the KDM4 family. The Drug-Protein edge width and color intensity represents the FRED/Chemgauss4 score. For long compound names only the database ID is provided.
A detailed example of the usefulness of this analysis is the network extracted for uterine corpus endometrioid carcinoma (Figure 7), which shows that KDM4D and KDM4A are overexpressed and both interact with DNMT1 (a DNA methyltransferase involved in gene regulation); our docking analysis shows that there are 5 COCONUT compounds able to target KDM4D and 5 DrugBank compounds targeting KDM4A. However, the DrugBank compounds target other proteins in the network in addition to KDM4; for instance, DB07602 targets KDM4A and EGFR; and Azacitidine inhibits KDM4A and DNMT1, which suggests that Azacitidine could modulate essential proteins involved in the negative regulation of histone H3K9 methylation (as depicted by the light blue shadow in Figure 7). This same approach to interpret the results can be applied for the other networks specifically generated according to the expression profiles shown in Figure 2A.
[image: Figure 7]FIGURE 7 | Integrative network analysis of KDM4 potential inhibitors in different cancer types. A network enriched with differentially expressed genes obtained from each cancer type selected is shown. The circular nodes represent proteins, and the edges the interactions between them. The color of the circular nodes represents the fold change in gene expression between tumors with high and low KDM4 expression. Drugs targeting the proteins are represented by diamond nodes, where dark green is used for Drugbank drugs and light green for natural compounds (Coconut database). The Drugbank drug and protein target interactions were retrieved from curated databases (NeDRex platform), while the natural compound interactions with proteins are predicted by the in silico analysis performed previously. The colored shadow highlights the proteins that participate in a cellular process according to g.Profiler enrichment. Overall, the network depicts the KDM4 proteins, their protein interaction context and shared interactions with known drugs and natural compounds.
This analysis also allows us to observe that KDM4 proteins, when overexpressed, trigger expression changes that affect genes involved in various cellular processes. For example, the network detected for pheochromocytoma and paraganglioma shows that the proteins are involved in the positive regulation of gene expression, which is also closely related to the negative regulation of H3K9 methylation function found in networks adrenocortical cancer (KDM4A overexpression), lung adenocarcinoma (KDM4A overexpression) and uterine corpus endometrioid carcinoma. Furthermore, we found that some druggable processes are related to monoamine GPCRs or closely related to cocaine addiction pathways, in thyroid and uterine carcinomas (Figure 7), this is highly relevant given the fact that proteins involved in these metabolic processes have previously been demonstrated to be affected in some cancer; such as lymphoma, prostate, lung cancer and some brain cancers (Rybaczyk et al., 2008; Shih, 2018). Thus, these results suggest that targeting KDM4 proteins can also be a promising therapeutic approach because the drugs targeting them can potentially modulate cellular processes that contribute to the neoplastic phenotype.
DISCUSSION
Epigenetic processes play an important role in the regulation of gene transcription. The discovery of histone demethylases has contributed to understanding the dynamic process of histone marks establishment where the deregulation of these enzymes can contribute to the development of several diseases including cancer (Guerra-Calderas et al., 2015). These types of enzymes can affect the expression of multiple genes such as oncogenes, cell cycle genes and tumor suppressor genes (Sterling et al., 2020). Many of these demethylases have been involved in cancer, such as KDM1A, related to the maintenance of clonogenicity and the inhibition of differentiation (Harris et al., 2012). As well as KDM2A and KDM2B, which have K3K36me2 and H3K4me3 as their substrate, where its deregulation is associated with increased proliferation of stem cells and tumor growth and metastasis (Harris et al., 2012; Wagner et al., 2013) among other processes such as cell proliferation and drug resistance, among others. In the present work we focus on the role of KDM4 subfamily members since they have been involved in cancer development for their ability to alter the chromatin’s state and influence gene expression (García et al., 2016). KDM4A, B, C, and D’s expression is tightly regulated in non-neoplastic tissues but often deregulated in several neoplasias such as prostate, liver, bladder, colorectal, squamous cell carcinomas, acute myeloid leukemia, breast, lung and ovarian cancer (Guerra-Calderas et al., 2015, 2018; Lu et al., 2015; Lin et al., 2019; Chen et al., 2020; Wu et al., 2021). KDM4E’s expression has only been detected in testis, however, its physiological role remains unknown (Hillringhaus et al., 2011). In this study, using large RNAseq tumor and non-neoplastic tissue datasets, we show that KDM4 proteins are relevant in different neoplasias and potential drug targets for therapy. One of the widest sources of novel biologically active molecules are natural compounds. These have been used for centuries to treat a wide range of diseases, including cancer (Gómez-Cansino et al., 2017; Gutiérrez-Rebolledo et al., 2017; Fang et al., 2020). Importantly, plenty of natural compounds are known to interfere with epigenetic processes; for example, flavonoids are compounds found in black raspberry (and many other plants) which inhibit DNA methyltransferase 1 (DNMT1) activity and enhance the expression of tumor suppressor genes (Wang et al., 2013). Nevertheless, although there are reports about natural molecules that could interfere with KDM4 subfamily activity, no direct natural inhibitors are known so far (Guillade et al., 2018).
Since our main interest is to propose natural KDM4 inhibitors, we used the COlleCtion of Open Natural Products (COCONUT), which gathers 406,744 natural products from over 50 different databases, where nearly half the compounds come mainly from plants, fungi, bacteria, and to a lesser extent, from animal or marine origins (Capecchi and Reymond, 2021; Sorokina et al., 2021). Most of these compounds (Sorokina et al., 2021) have been used as traditional medicine in China, India (Ayurveda), Japan (Kampo), Korea, Mexico, among other countries (Yuan et al., 2016; Gutiérrez-Rebolledo et al., 2017) and come from Asia, Africa, Brazil, and Mexico (Sorokina et al., 2021). The former indicates that this database is a very powerful bioinformatic tool for natural compound screening. Also, in this work, we included the DrugBank and FDA databases, which have been the first-line source for drug repurposing. When compared against the FDA and DrugBank compounds, the molecules from the COCONUT database stood out in the molecular docking analyses against the KDM4 subfamily, which further suggests that natural compounds could be a rich source of anticancer therapies (Pushpakom et al., 2019).
However, a challenge faced during the development of specific inhibitors is the resemblance of JMJC family members’ catalytic sites. Since these proteins share a catalytic mechanism, their active sites have a high resemblance, which complicates the design of ligands that could be specific for a single enzyme (Markolovic et al., 2016). The KDM4 subfamily active site consists of a TIM-barrel fold (16 beta-sheets and 15 alpha helix), which is a usual structural pattern in proteins that allows a wide assortment of functions (Romero-Romero et al., 2021). Thus, the TIM-barrel fold pattern is a challenge for drug design since ligands could bind to different proteins. In this sense, it is relevant that a specific binding mechanism with a competitive inhibitor is established for one or some KDM4 proteins. In fact, most of the KDM4 inhibitors reported are known to target other KDMs which limits their use for cancer treatment (Chin and Han, 2015; Baby et al., 2021). Furthermore, we showed that the KDM4 subfamily’s expression is heterogeneous among different cancer types, which adds another layer of complexity to the search for inhibitor molecules that could favor the treatment of neoplasms where the KDM4 proteins are relevant.
Since the KDM4 subfamily is a promising therapeutic target for drug design, a wide number of synthetic and nature-inspired molecules have been explored. Among them, it has been proposed that catechol and flavonoids as structural scaffolds, these kinds of molecules have gained attention because of their high content of OH with redox capacity that can also act as free radical regulators (Baby et al., 2021). Such functional groups can favor their interaction with high electronegative residues located in the active site of KDM4 proteins, as shown in this study. Furthermore, the metallic cofactors in KDM4 active sites, assist the catalytic mechanism of electrons transfer during lysine methylation, thus OH groups can form coordination bonds that compete with KDM4’s natural substrates and allow a greater affinity than the substrate itself (Warshakoon et al., 2006). It has been reported that coordination bonds between catechol-containing groups (such as flavonoids, or phenols) and KDM4 metal cofactors lead to an enhancement of interaction forces (Xu, 2013). An example of the former is the epigallocatechin gallate (EGCG), a secondary metabolite derived from the tea plant (Camellia sinensis) that contains catechol and whose effect has been studied in various epigenetic processes (Fang et al., 2003; Choi et al., 2009). EGCG is a compound included in FDA and COCONUT databases which showed a favorable FRED/Chemgauss4 score on its interaction with KDM4 (Figure 4C, compound 3), this suggests that it may be a promising inhibitor candidate for these enzymes. On the other hand, it has been reported that EGCG chelates divalent metals, including zinc, and it has been proposed in many clinical assays as an adjuvant in multiple processes (Shirakami and Shimizu, 2018). Another variant of catechol, pyrogallol, which contains 3 OH groups instead of 2, has been studied as a therapeutic agent in lung cancer cell lines showing cytotoxic effects (Yang et al., 2009).
In addition to the contribution of coordination bonds that favor specificity, there are other non-covalent binding forces that can also have an impact on specificity and binding affinity such as salt bridges, hydrophobic interactions, hydrogen bonds, and pi-stacking interactions. In particular, pi-stacking interactions among aromatic rings are an important factor in the protein-ligand complex formation; in such interactions, the geometric orientation of the rings change the dipole attraction forces among them as well as the hydrophobic and van der Waals forces rearrange (Churchill and Wetmore, 2009; Wilson et al., 2014; Houser et al., 2020). The presence of five aromatic residues and one histidine in KDM4 active sites promotes a favorable environment to design specific inhibitors (Churchill and Wetmore, 2009; Brylinski, 2018). The former is evident for linear molecules (such as the ones in clusters 1, 2, 5, and 6 in Figure 4C), since those obtained a lower score due to their interaction with the metal through ionic groups of amines, carboxyl, or phosphates groups and pi-stacking interactions are not present. While, molecules of clusters 3, 14, and 15 have higher scores due to the presence of aromatic rings that favor pi-stacking interaction. Similar results have been reported for KDM4 proteins and tetrazolyl hydrazide inhibitors which have an aromatic ring and amine functional groups that interact with the protein’s metal cofactors (Małecki et al., 2019). Metal coordination capability of sugars coupled with flavonoids favors the physicochemical properties of the KDM4 active sites and provides an opportunity for the development of a new generation of de novo molecules for cancer treatment. One of the limitations of our study is that it is not supported by experimental assays, but its strength is that this work is the first step towards an experimental approach that could contribute to the treatment of different neoplasms.
Our results also show that members of the KDM4 subfamily are promising drug targets for the development of therapeutic alternatives in different types of cancer. Since specificity is hard to achieve for KDM inhibitors, we aimed to use this to our advantage searching for ligands that could target all the KDM4s relevant for a specific neoplasm without altering the others. We highlight the importance of natural compounds against KDM4 subfamily members, not only because of their high potential as inhibitors but also because these compounds could contribute to an integrative cancer treatment. As shown in this work the identified molecules could have an amplified therapeutic effect by modulating, not only KDM4 functions but entire cellular processes, by modifying the activity of proteins involved in the same pathways. This mechanism of action has been proposed for other diseases and protein targets before (Cheng et al., 2019); however, the study of KDM4 inhibitors remains approached without considering the molecular context required for their proper function (Chin and Han, 2015; Baby et al., 2021). Overall, our data suggest that natural compounds could be used as adjuvant therapies in cancer, which opens a new window of opportunities for the search of KDM4 subfamily inhibitors and contributes to the search of novel cancer therapies.
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Acute myeloid leukemia (AML) is an aggressive, heterogeneous group of malignancies with different clinical behaviors and different responses to therapy. For many types of cancer, finding cancer early makes it easier to treat. Identifying prognostic molecular markers and understanding their biology are the first steps toward developing novel diagnostic tools or therapies for patients with AML. In this study, we defined proteins and genes that can be used in the prognosis of different acute leukemia cases and found possible uses in diagnostics and therapy. We analyzed newly diagnosed acute leukemia cases positive for t (15; 17) (q22; q21) PML-RAR alpha, acute promyelocytic leukemia (APL). The samples of bone marrow cells were collected from patients at the diagnosis stage, as follow-up samples during standard treatment with all-trans retinoic acid, idarubicin, and mitoxantrone, and at the molecular remission. We determined changes in the expression of genes involved in leukemia cell growth, apoptosis, and differentiation. We observed that WT1, CALR, CAV1, and MYC genes’ expression in all APL patients with no relapse history was downregulated after treatment and could be potential markers associated with the pathology, thereby revealing the potential value of this approach for a better characterization of the prediction of APL outcomes.
Keywords: blast, relapse, molecular remission, epigenetics, acute promyelocytic leukemia
INTRODUCTION
AML is a very heterogeneous disease with regard to clinical features and acquired genetic alterations, with remission rates inversely related to age: 5-year survival in adults under 65 years old is 33% and in older adults (over 65) it is only 4% (Meyers et al., 2013). Acute promyelocytic leukemia (APL), the M3 subtype of acute myeloid leukemia (AML), accounts for 10% of all AML cases (McCulloch et al., 2017). The t (15; 17) translocation that generates PML-RARα fusion mRNA is detected in as many as 90% of APL patients and has become the definitive marker for the disease (Dos Santos et al., 2013; Zhang et al., 2021). The standard treatment protocols include combinations of anthracyclines (typically idarubicin) and all-trans retinoic acid (ATRA) with or without cytarabine depending on the patient’s age and health state. ATRA induces differentiation of APL cells and reduces the risk of bleeding and coagulation problems. However, APL still remains one of the most difficult subtypes of acute myeloid leukemia to treat because of its complications (Ades et al., 2010; Efficace et al., 2014; Hambley et al., 2021). Arsenic trioxide was discovered to be an effective agent in relapse cases. It was shown that arsenic trioxide was the most effective agent in treating APL (Ades et al., 2010; Efficace et al., 2014; Yilmaz et al., 2021).
Currently, cytogenetic and molecular markers according to the WHO system are used in the clinic to diagnose AML patients. However, these guidelines are not suitable for distinguishing all subtypes and do not always predict clinical outcomes (Dos Santos et al., 2013; Hunsu et al., 2021). APL relapse cases are very rare, but early diagnosis and the possibility of prediction of APL relapse are important because patients can develop bone marrow failure and life-threatening coagulopathies.
In the current work, we have studied the pattern of differential protein and gene expression of blasts from APL patients with relapse history in comparison to matched patients who enter remission due to finding possible prognostic molecular markers. We showed changes in the expression of proteins involved in the drug resistance process during the remission and relapse stages of APL. We observed that calreticulin (CALR), caveolin1 (CAV1), MYC, and WT1 can be potential markers associated with the pathology, thereby revealing the potential value of this approach for a better characterization of the prediction of APL outcomes.
MATERIALS AND METHODS
Patient Samples, Blasts Phenotype, and Purification
Bone marrow samples from Lithuanian patients during 2018–2019 were collected after informed consent from patients at diagnosis and during treatment. All patients gave their written informed consent for genetic analysis and for the use of the laboratory results for scientific studies. The study was approved by the Ethics Committee of Biomedical Research of Vilnius District (No. 158200-16-824-356) and adhered to the tenets of the Declaration of Helsinki. Marrow samples from four normal donors collected at the time of donation for bone marrow transplantation were similarly collected and handled. AML phenotyping, cytogenetic, and molecular genetic analysis were carried out in the context of routine diagnostics at the Hematology, Oncology and Transfusion Medicine Centre, Vilnius University Hospital Santaros Klinikos (Tables 1, 2). Cells were analyzed freshly or after thawing of samples frozen in liquid nitrogen. Mononuclear cells were isolated by the Ficoll gradient. The fusion transcript level (%) of t (15; 17) (q22; q21) PML-RAR alpha was monitored using the RT-qPCR method as described earlier (Gabert et al., 2003).
TABLE 1 | Clinical data of APL patient with a history of relapse.
[image: Table 1]TABLE 2 | Summarized results of clinical data of APL patients with full molecular remission (patients 1–7).
[image: Table 2]APL relapse case: a 52-year-old patient diagnosed with acute promyelocytic leukemia (M3). Immunophenotypic analysis of bone marrow aspirate revealed the presence of a cluster of blasts (47%) positive for CD45+ dim, CD38+, CD71+ dim, CD117+ dim, CD13+, CD33+, CD64+, CD123+, cMPO+, CD2−, CD4−, CD11b-, CD34−, CD56−, and HLA-DR-. The patient was positive for t (15; 17) (q22; q21) PML-RAR alpha. The patient tested negative for inv (16) (p13; q22) CBFB-MYH11; t (8; 21) (q22; q22) AML1-ETO; NPM1; FLT3 ITD; CEBPA mutations.
In APL cases with no relapse history, immunophenotypic analysis of bone marrow aspirates revealed the presence of a cluster of blasts in a range of 20 to 60% in patients. All patients were positive for t (15; 17) (q22; q21) PML-RAR alpha and negative for inv (16) (p13; q22) CBFB-MYH11; t (8; 21) (q22; q22) AML1-ETO; NPM1; FLT3 ITD; CEBPA mutations (see Table 2).
Treatment of Patients
All acute promyelocytic leukemia patients (with +/− relapse history) received induction therapy (PETHEMA/HOVON LPA 2005; intermediate risk) of oral all-trans retinoic acid, ATRA (45 mg/m2/day, starting from day 1 until clinical remission (CR) (PML-RAR alpha <0.001%; blasts <5% in the bone marrow; NEU >1.5 × 109/L; PLT>100 × 109/L, no leukemic blasts or promyelocytes in the peripheral blood, no extra medullary leukemia), but not more than 90 days of treatment) plus Idarubicin, IDA (12 mg/m2/day, starting from days 2, 4, 6, and 8). After achieving remission, induction therapy was followed by three monthly cycles of consolidation therapy: Cycle 1—IDA 7 mg/m2/d [days 1–4], ATRA 45 mg/m2/d [days 1–15), Cycle 2—mitoxantrone 10 mg [days 1–3], ATRA 45 mg/m2/d [days 1–15], and Cycle 3: IDA 12 mg/m2/d [days 1–2], ATRA 45 mg/m2/d [days 1–15]. After consolidation, maintenance therapy was applied and consisted of 6-mercaptopurine, 50 mg/m2 [daily]; methotrexate, 15 mg/m2 [weekly]; and ATRA, 45 mg/m2/d [for 15 days every 3 months]. Maintenance therapy was continued for 15 months (see Tables 1, 2).
Treatment of APL relapse case: when relapse was diagnosed, Trisenox (0.15 mg/kg/d) induction therapy was administered for 60 days, after which PML-RAR alpha was 0.15%. Then, consolidation therapy with Trisenox 0.15 mg/kg/d was administered for 25 days, and molecular remission was achieved. Autologous stem cell transplantation was planned to prolong remission.
Reverse Transcription quantitative PCR
Total RNA was purified using the TRIzol reagent (Invitrogen, Carlsbad, CA, United States). cDNA was synthesized using Maxima First Strand cDNA Synthesis Kit for RT-qPCR (Thermo Fisher Scientific, Waltham, MA, United States), and qPCR was performed using Maxima SYBR Green/ROX qPCR Master Mix (2×) (Thermo Fisher Scientific) on the Rotor-Gene 6000 system (Corbett Life Science, QIAGEN, Hilden, Germany). Primers sequences (Metabion international AG, Planegg/Steinkirchen, Germany) are outlined in Supplementary Table S1, and the reaction conditions are described according to Borutinskaite et al. (2018). mRNA levels were normalized to GAPDH expression. Relative gene expression was calculated using the ∆∆Ct method (Schmittgen and Livak, 2008).
Protein Isolation, Gel Electrophoresis, and Western Blot Analysis
Cell lysates were prepared as described previously (Vitkeviciene et al., 2019). Proteins were fractionated in 7.5–15% SDS-PAGE gradient electrophoresis gel and transferred on the PVDF membrane. Primary antibodies against ATM (mouse, clone 6F-H2) (Thermo Fisher Scientific, Waltham, MA, United States), Phospho-ATM (Ser 1981) (Abcam) (dilution ratio 1:15000), SUZ12 (Cell Signaling Technology) (dilution ratio 1:1000), H3K27me3 (rabbit, polyclonal) (Millipore, Billerica, MA, United States), H3K14Ac (rabbit, polyclonal) (Millipore, Billerica, MA, United States), H4 hyper Ac (rabbit, polyclonal) (Millipore, Billerica, MA, United States), EZH2 (Cell Signaling Technology, Danvers, MA, United States) (dilution ratio 1:1000), GAPDH (mouse, clone 6C5) (Abcam, Cambridge, United Kingdom), HRP-conjugated secondary antibodies against mouse immuno-globulins (goat, polyclonal) (Agilent Dako, Santa Clara, CA, United States), and rabbit immunoglobulins (goat, polyclonal) (Agilent Dako, Santa Clara, CA, United States) were used according to the manufacturer’s instructions. GAPDH was used as a loading control. “Clarity Western ECL Substrate” (BioRad, Hercules, CA, United States) was used for chemiluminescent detection. Signal detection was carried out on ChemiDoc™ XRS+ System (BioRad, Hercules, CA, United States). Quantitative evaluation was performed using ImageJ software.
Sample Preparation for Mass Spectrometry Analysis
The filter aided sample preparation (FASP) (Wisniewski et al., 2009) method was used for protein digestion prior to mass spectrometry analyses. Protein lysates were processed by the FASP using 30 k centrifugal ultrafiltration units (Millipore) operated at 10 000 g. Briefly, the sample was diluted with 200 μl of 8 M urea (pH 8.5), placed in a filter unit, centrifuged, and washed two times with 100 μl of 8 M urea. Then, 100 μl of 55 mM iodoacetamide was added to the filters, and samples were incubated for 20 min. Filters were washed twice with 100 μl of 8 M urea, followed by two washes with 100 μl of 50 mM NH4HCO3 pH 8.0. Protein digestion was then performed by adding trypsin in 50 μl of 50 mM NH4HCO3 at an enzyme to protein ratio of 1:100 and incubating overnight at 37°C. Peptides were collected from the concentrators by centrifugation at 10,000 g for 10 min and additionally eluted using 20% CH3CN. The eluates were combined, acidified with 10% CF3COOH, and the peptides were dried in a speed vacuum for 2 h at 45°C. The lyophilized peptides were re-dissolved in 0.1% formic acid.
LC-MS Based Protein Identification
Liquid chromatographic (LC) analysis was performed on a Waters Acquity ultra performance LC system (Waters Corporation, Wilmslow, United Kingdom). Peptide separation was performed on an ACQUITY UPLC HSS T3 250 mm analytical column. Data were acquired using Synapt G2 mass spectrometer (MS) and Masslynx 4.1 software (Waters Corporation) in positive ion mode using data-independent acquisition (UDMSE). Raw data were lock mass-corrected using the doubly charged ion of [Glu1]-fibrinopeptide B (m/z 785.8426 [M+2H]2+). Raw data files were processed and searched using ProteinLynx Global SERVER (PLGS) version 3.0.1 (Waters Corporation, United Kingdom). Data were analyzed using trypsin as the cleavage protease, one missed cleavage was allowed, and fixed modification was set to carbamidomethylation of cysteines, the variable modification was set to oxidation of methionine. Minimum identification criteria included 1 fragment ion per peptide, 3 fragment ions, and one peptide per protein. The following parameters were used to generate peak lists: 1) low energy threshold was set to 150 counts, 2) elevated energy threshold was set to 50 counts, 3) intensity threshold was set to 750 counts. UniprotKB/SwissProt human database was used for protein identification. Protein quantification was calculated using the ISOQuant software.
Statistical Analysis
Data are expressed as mean ± standard deviation (S.D.). Two-tailed Student’s t-test was used to determine the significance of the difference between groups of treated and untreated samples; significance was set at p ≤ 0.05 (*).
RESULTS
In this study, we analyzed the proteomic and gene expression signatures of samples collected from patients positive for t (15; 17) (q22; q21) PML-RAR alpha who entered molecular remission after standard treatment with all-trans retinoic acid, idarubicin, and mitoxantrone or relapsed after such treatment. All patients enrolled in this study were negative for inv (16) (p13; q22) CBFB-MYH11; t (8; 21) (q22; q22) AML1-ETO; NPM1; FLT3 ITD; CEBPA (see Tables 1, 2). One patient relapsed after standard treatment and reached molecular remission only after treatment with arsenic trioxide (Trisenox) (see Table1).
Proteomic Analysis of Leukemia Patients
We performed mass spectrometry analysis of bone marrow samples of the relapsed patient (patient No.8, Table 1) at a few time points: diagnosis stage, after standard treatment with all-trans retinoic acid, idarubicin and mitoxantrone, at the relapse stage, and after treatment with Trisenox (for more details see Table 1).
In total, we identified around 800 proteins, which can be divided into groups based on the biological process they are involved in (see Supplementary Table S2, Figure 1). We found that most identified proteins (450 identified proteins) are involved in the cellular process: 23.7% proteins (of 450 proteins) important for cellular metabolic process, 16.2% cellular component organization or biogenesis, 8.8% cellular response to stimulus and 9% cell cycle/cell death. Different identified enzymes can be important metabolic processes within the cell-like primary metabolic process, organic substance metabolic process, etc. (Figure 1, Supplementary Table S2). In total, 194 proteins belong to the biological regulation process. We identified 120 proteins that are important in immune system processes such as neutrophil degranulation, neutrophil-mediated immunity, myeloid leukocyte mediated immunity, leukocyte degranulation, immune response, myeloid cell activation, and immune response. Also, we identified 66 proteins that are important for drug response within the cell, like annexin A1, apolipoprotein A, carbonic anhydrase 2, gelsolin, heterogeneous nuclear ribonucleoproteins, heat shock proteins, and others (Supplementary Tables S2, S3). All these proteins were differently expressed during the treatment period. Partly these proteins are also involved in metabolic regulation, cell death, and regulation of gene expression processes (Figure 2). We detected that 38 proteins were upregulated at the molecular remission time point versus relapse (Rel/Mol.remission <1), and the other 28 were downregulated after treatment with arsenic trioxide (Rel/Mol.remission >1) (Supplementary Table S3). However, when analyzing the results of the proteomic signatures at different stages of treatment (diagnosis, after standard treatment, relapse, and molecular remission), we did not detect proteins that could reflect the regular course of the disease and predict the outcome of the disease.
[image: Figure 1]FIGURE 1 | Identified proteins by mass spectrometry are separated according to their involvement in the biological process. Analysis was performed using the PANTHER analysis tool.
[image: Figure 2]FIGURE 2 | Proteins involved in drug response process interaction network. Proteins whose expression changed were displayed using the functional protein association network analysis tool STRING (https://string-db.org/). Blue, metabolic process (GO: 0008152); red, response to drug (GO: 0042493); yellow, regulation of cell death; green, regulation of gene expression (GO: 0010468). A list of the proteins is presented in Supplementary Tables S2, S3.
Expression of Genes Involved in Response to Drug Treatment and Regulation of Apoptosis, Cell Proliferation Processes
One of the identified proteins by mass spectrometry analysis was lactate dehydrogenase (LDHA). This protein is involved not only in the drug response process but also in metabolic regulation of cell death, cell proliferation, and gene expression processes. The LDHA protein level detected by mass spectrometry analysis gradually increased during treatment and continued to increase at the relapse and after treatment with arsenic trioxide (Supplementary Tables S2, S3). The gene expression revealed no significant changes in expression during treatment in patients with no relapse history (Figure 3) or in patients with a relapse history (Tables 1, 2). Another protein identified by mass spectrometry analysis was endoplasmin (HSP90B1). This protein is mostly involved in the regulation of apoptosis and cell proliferation. Gene expression was slightly upregulated during treatment in patients with no relapse history (Figure 3).
[image: Figure 3]FIGURE 3 | Expression of genes involved in response to drug treatment and regulation of apoptosis and cell proliferation processes (ABCB1, CDH1, CDKN1A, HSP90B1, LDHA, TERT, TNF alpha, TNFRSF1A, and TP53) in APL patients (n = 8). Gene expression changes were measured by the reverse transcription quantitative polymerase chain reaction (RT-qPCR) method. GAPDH was used as a “housekeeping” gene; results are presented as changes in comparison to diagnosis stage; results are mean ± SD (n = 3); *p ≤ .05, calculated by the Student t test. RQ, relative quantification, 2−ΔΔCt.
We also analyzed gene expression of genes that are important for drug response and cell apoptosis/proliferation processes like ABCB1, CDH1, CDKN1A, TERT, TNFalpha, TNFRSF1A, and TP53 (Figure 3). After 2 months of standard treatment, we detected upregulation of ABCB1, CDH1, CDKN1A, and TNFRSF1A in all patients. At the molecular remission stage (after 2 years), only CDH1, TERT, and TNFalpha genes were upregulated in comparison with the point at 2 months of treatment (Figure 3). Due to the high dispersion of the results between patients, no reliable changes in ABCB1, CDH1, CDKN1A, TERT, TNFalpha, TNFRSF1A, and TP53 gene expression have been found (Figure 3).
Expression of Genes and Proteins Involved in Drug Treatment and Regulation of Gene Expression Processes
One of the identified proteins by mass spectrometry analysis was proliferating cell nuclear antigen (PCNA). Gene expression analysis revealed that during treatment of APL patients, it was observed upregulation of PCNA (Figure 4). Also, we performed expression analysis of other genes like NFKB1, RELA, RELB, and others that are in the PCNA interaction network (Figure 2). We detected that HMGA2, LIN28A, and MEF2C gene expression were upregulated at the molecular remission stage in comparison with the diagnosis stage (Figure 4). However, the expression of these genes was very different from patient to patient, and we did not notice any significant correlation between molecular remission and gene expression.
[image: Figure 4]FIGURE 4 | Expression of genes involved in response to drug treatment processes (HIF1A, HMGA2, LIN28A, MCL1, MEF2C, NFKB1, RELA, and RELB) in APL patients (n = 8). Gene expression changes were measured by the reverse transcription quantitative polymerase chain reaction (RT-qPCR) method. GAPDH was used as a “housekeeping” gene; results are presented as changes in comparison to diagnosis stage; results are mean ± SD (n = 3); *p ≤ .05, calculated by the Student t test. RQ, Relative quantification, 2−ΔΔCt.
Analyzing genes involved in epigenetic regulation of transcription, we found that ATM gene expression was significantly upregulated after treatment of APL patients. However protein expression analysis revealed the downregulation of ATM. The phosphorylation of ATM was upregulated in two patients after treatment (Figures 5A,B). The proteins of the polycomb complex, EED, and SUZ12 were also downregulated after treatment of APL patients (Figure 5B) and at the molecular remission stage reached the same low expression level as in donor bone-marrow samples. However, EED and SUZ12 gene expression levels were upregulated (Figure 5A). As the PRC2 complex is responsible for the tri-methylation of H3K27, the H3K27me3 protein level was also assessed; a slight decrease in the amount of tri-methylation of H3K27 after treatment was observed compared to the amount of this modification at the time of diagnosis (Figure 5B). Western blot results showed that the total amount of H3K9me3 in bone marrow samples, both during the diagnosis of APL and in healthy donors, did not differ (Figure 5B). Also, we studied changes in histone acetylation—HiperAcH4 and H3K14Ac—in bone marrow samples. We detected no changes in hyper-acetylated H4 histone, but H3K14 acetylation increased as the patient recovered and reached a similar level to that of healthy donors (Figure 5B). Differences in the active chromatin marker H3K4me3 between bone marrow samples are not visible at diagnosis, after treatment, or in healthy donors (Figure 5B). Also, we detected DNMT1, DNMT3a, DNMT3b, and HDAC1 upregulation after treatment of APL patients (Figure 5A). But due to the high dispersion of the results from patient to patient, no reliable conclusions can be drawn.
[image: Figure 5]FIGURE 5 | Expression of genes and proteins involved in response to drug treatment processes (ATM, DNMT1, DNMT3a, DNMT 3b, EED, EZH2, HDAC1, and SUZ12) in APL patients (n = 8). (A) Gene expression changes were measured by the reverse transcription quantitative polymerase chain reaction (RT-qPCR) method. GAPDH was used as a “housekeeping” gene; results are presented as changes in comparison to diagnosis stage; results are mean ± SD (n = 3); *p ≤ .05, calculated by the Student t-test. (B) ATM, phospho-ATM, SUZ12, EED, H3K27me3, H3K9me3, hyperacetylated H4, H3K14Ac, and H3K4me3 changes were assessed using immunoblot; GAPDH was used as a loading control. The experiment was repeated at least twice; representative results are shown. RQ, relative quantification, 2−ΔΔCt.
Expression of CALR, CAV1, CEBPA, MYC, and WT1 Genes in APL Patients
In this study, we detected a 100-fold downregulation of WT1 gene expression after 2 months of APL patients’ treatment with no relapse history (Figure 6A). After 2 years of treatment, when complete remission occurred, we detected a 1000-fold decrease in WT1 gene expression in comparison with samples at diagnosis. We did not observe WT1 gene expression in healthy donor bone marrow samples (data not shown). In the case of an APL patient with a relapse, WT1 gene expression was dramatically downregulated to an undetectable level after 7.5 months of treatment (Figure 6B), when molecular remission was achieved (PML-RAR alpha mRNA was negative/<0.001%). After 13.5 months from diagnosis,a bone marrow aspirate revealed the presence of PML-RARαfusion transcript and WT1 gene expression started to grow. Only at 15.5 months after diagnosis, relapse was diagnosed due to blood parameters: PML-RARα fusion transcript (21.9%), 22% blasts, WBC 1.42 × 109/L, NEU 0.64 × 109/L, HGB 106 g/L, and PLT 16 × 109/L. The patient was hospitalized and treated with Trisenox until molecular remission was achieved. WT1 gene expression started to increase 2 months before the disease relapsed (Figure 6B). Almost the same WT1 expression levels were observed at relapse (RQ = 0.92) and at the diagnosis (RQ = 1). The relapsed patient was hospitalized and treated with Trisenox for 3 months. WT1 gene expression again was downregulated and reached 0.0008 (1000-fold change) after 5 months of treatment with Trisenox (Figure 6B).
[image: Figure 6]FIGURE 6 | Expression of calreticulin (CALR), caveolin1 (CAV1), MYC, and WT1 genes in APL patients (n = 8). Gene expression changes were measured by the reverse transcription quantitative polymerase chain reaction (RT-qPCR) method. (A) APL patients with no relapse history (B) APL relapsed patient. GAPDH was used as a “housekeeping” gene; results are presented as changes in comparison to diagnosis stage; results are mean ± SD (n = 3); *p ≤ 05, calculated by the Student t test. RQ, relative quantification, 2−ΔΔCt.
One of the identified proteins by mass spectrometry analysis was Calreticulin (CALR). We found significant downregulation after treatment and at the molecular remission stage in all APL patients (Figure 6A). In the case of APL patient with a relapse, CALR gene expression was downregulated during the first 4 months of treatment and then started to increase. At the 15-month point, CALR gene expression was upregulated, but after 15.5 month CALR gene expression started to decrease (Figure 6B). Another significantly downregulated gene – Caveolin (CAV1) was observed after treatment of APL patients (Figure 6A). Also, in the APL relapse case, we revealed downregulation of the CAV1 gene (Figure 6B). We studied CEBPA gene expression and found downregulation in APL patients; however, the large dispersion of the results in the patient group does not lead to reliable conclusions (Figure 6A).
In our study, MYC gene expression analysis in APL patients with no relapse history revealed that MYC was overexpressed at disease diagnosis and then significantly decreased up to 3-fold after treatment (Figure 6A). During analysis of the relapse case, it was detected that MYC expression did not decrease after treatment, but the expression was upregulated just before the relapse point. After treatment with Trisenox, MYC expression was downregulated (Figure 6B).
DISCUSSION
Since combined treatment of anthracyclines like Idarubicin or Daunorubicin with all-trans retinoic acid for the treatment of APL was introduced, around 85% of patients can achieve complete remission (Tomita et al., 2013; Westermann and Bullinger, 2021). However, patients resistant to treatment, i.e., those with resistance to ATRA and/or anthracyclines, are recognized as a clinically significant problem. A majority of these patients relapse within a three-year period, and long-term survival still remains poor. Comprehensive proteomic and genomic analysis using patient samples can help predict disease, select effective targeted drugs, and develop novel APL treatment strategies.
To identify novel possible markers that might be important for the prediction of APL outcome and relapse possibility, we performed the patient’s gene and protein expression analysis at diagnosis, during treatment, and at complete remission. All these patients possessed PML-RAR alpha and were treated with cytotoxic drugs, Idarubicin, and ATRA. Patients have reached complete remission and have had no detectable relapse. Also, we used mass spectrometry analysis to identify proteins that may be important for the prediction of relapse in APL patients. For that purpose, we analyzed bone marrow samples of APL patients with a relapse history.
Analyzing APL relapse patient samples at different stages of disease like diagnosis, relapse, and molecular remission, we detected around 800 proteins involved in different cellular processes like cellular metabolic processes (nucleolin, neutrophil cytosol factor 2, tyrosine-protein kinase HCK, etc.), cellular component organization or biogenesis (few types of histone, different types of immunoglobulin, heat shock proteins, and ribosomal proteins, etc.), cellular response to stimulus (peroxiredoxin-4, different types of immunoglobulin, heat shock proteins, and neutrophil defensins, etc.) and cell cycle/cell death (tubulin, septins, nucleophosmin, subunits of the proteasome activator complex, cytochrome c, annexins, heat shock proteins, hypoxia upregulated protein 1, etc.). Different enzymes like glycogen phosphorylase, ornithine aminotransferase, fumarate hydratase, triosephosphate isomerase, hexokinase-1 can be important for primary metabolic processes, organic substance metabolic processes, etc. Other proteins like different types of heterogeneous nuclear ribonucleoproteins, heat shock proteins, and immunoglobulins, kinases, and others were identified and belong to the biological regulation process. We identified proteins like copine, annexins, heat shock proteins, bone marrow glycoprotein that are important in immune system processes like neutrophil degranulation, neutrophil-mediate immunity, myeloid leukocyte mediated immunity, leukocyte degranulation, immune response, myeloid cell activation, and immune response. It has been shown in the literature that comprehensive bioinformatics analysis can be used to build an applicable model to predict the survival probability of AML patients in clinical use. The authors showed that FLT3, CD177, and TTPAL genes were involved in the prognosis of AML. They also revealed that calreticulin (CALR) gene expression was upregulated in AML patient samples (Qu et al., 2020). Another study of the proteomic profile in APL vs. AML cases revealed that most proteins that were higher expressed in APL were involved in the pro-apoptotic pathway, linked to higher proliferation, which may suggest a more pro-apoptotic tendency of those cells (Hoff et al., 2019).
We identified proteins that are important for drug response within the cell-like annexin A1, apolipoprotein A, carbonic anhydrase 2, gelsolin, heterogeneous nuclear ribonucleoproteins, heat shock proteins, and others. These proteins are also involved in metabolic, gene expression regulation, and apoptotic processes. It is known that Idarubicin inserts itself into DNA and blocks enzyme topoisomerase II activity, leading to damage of DNA and cell membrane, G2/M cell-cycle block and p53-mediated apoptosis (Watanabe et al., 1997). ATRA causes terminal differentiation of leukemic promyelocytes both in vitro and in vivo studies. It was shown that ATRA induces complete remission in the majority of patients with APL (Asou et al., 1998; Morgan et al., 2012). However, drug resistance in APL is still not clear and can be the result of multiple factors like drug resistance-related protein (ABCB1) and enzymes (glutathione-S-transferase (GST), topoisomerase II, protein kinase C), genetic alterations like Fms-like tyrosine kinase 3 (FLT3), Wilms tumor (WT1), IDH1, TP53, ASXL1, DNMT3A, CEBPA, IDH2, PTPN11, and miRNA alterations or drug resistance-related signal pathways like PI3K/AKT, NF-κB, PLCγ/Raf/Erk, and PKCα (Mahadevan and List, 2004; Zhang et al., 2019).
In this study, genes such as ABCB1, ATM, CALR, CAV1, CDH1, CDKN1A, CEBPA, DNMT1, DNMT3a-3b, EED, EZH2, HDAC1, HIF1A, HMGA2, HSP90B1, LDHA, LIN28A, MCL1, MEF2C, MYC, NFKB1, RELA, RELB, PCNA, SUZ12, TERT, TNF, TNFRSF1A, TP53, and WT1 that are involved not only in drug response process but also in cell cycle, apoptosis proliferation, metabolic, and epigenetic regulation processes were investigated. We observed after 2 months of standard treatment with all-trans retinoic acid and idarubicin, upregulation of ABCB1, CDH1, CDKN1A, TNFRSF1A, and epigenetic regulators like ATM, DNMT1, HDAC1, polycomb complex components EED, and SUZ12 in all APL patients. Due to the high dispersion of the results between patients, we can notice that monitoring the expression changes of these genes during the course of treatment of APL is not useful for prognostic purposes.
We observed that only WT1 (Wilms tumor protein), CALR (calreticulin), CAV1 (caveolin1), and proto-oncogene Myc (MYC) gene expression in all APL patients with no relapse history was significantly downregulated after treatment with all-trans retinoic acid and idarubicin.
In the case of an APL patient with a relapse WT1 gene expression was dramatically down regulated to an undetectable level after treatment, but after 13.5 months from diagnosis, WT1 gene expression started to grow. This upregulation correlated with presence of PML-RARalpha fusion transcript in bone marrow aspirate. We detected that WT1 gene expression started to increase 2 months before the disease relapse and almost reached WT1 expression levels at the diagnosis point. WT1 gene expression was down regulated and reached 0.0008 (1000-fold change) after treatment with Trisenox. Our findings correlate with data in the literature when it was shown that WT1 is overexpressed in mRNR and protein levels in solid cancers, such as brain, breast, cervical, colon, glioblastoma, and others, and blood cancers, such as acute and chronic leukemia, myeloma, and myelodysplastic syndrome (Silberstein et al., 1997). Also, our findings support previous data that WT1 expression levels have prognostic value in patients with APL on overall survival of responders to induction therapy and the determination of expression levels of WT1 might contribute to risk stratification in the future (Hecht et al., 2015). In breast cancer, WT1 controls the expression of genes encoding components of the insulin-like growth factor and transforming growth factor β signaling systems that are important for growth and differentiation of the mammary gland (Nebbioso et al., 2017). The WT1 transcript was detected in 80–86% of ALL patients and in 93% of AML patients. In contrast to acute leukemia, mononuclear cells from bone marrow or peripheral blood of healthy volunteers did not express the WT1 gene at detectable levels (Menssen et al., 1995; Padmakumar et al., 2021). Mutations in exons 7 and 9 of WT1 have been identified in acute myeloid leukemia and are related to poorer prognosis and resistance to treatment (Aref et al., 2014).
We detected overexpression of MYC at diagnosis in APL patients with no relapse history. MYC gene expression significantly decreased up to 3-fold after treatment. During analysis of a relapse case, it was detected that MYC expression did not decrease after treatment with Idarubicin and ATRA. After treatment with Trisenox, MYC expression was downregulated significantly. Recently, it was shown that c-Myc protein undergoes acetylation and c-Myc downregulation occurs ex vivo in primary AML samples treated with HDAC inhibitors (Lin et al., 2007). This event can lead to TRAIL activation and apoptosis. Also, it was demonstrated that c-Myc is overexpressed in drug-resistant cells at higher levels than in non-resistant cells (Knapp et al., 2003; Pan et al., 2014). Lin and co-authors have shown that c-Myc inhibitors like 10058-F4 can inhibit cell proliferation and lead to apoptosis and cell differentiation (Lin et al., 2007).
In this study, we showed that CALR gene expression levels were downregulated after treatment in all APL patient samples. The consequence of increased CALR expression in acute myeloid leukemia (AML) has been reported in a few studies (Schardt et al., 2010; Parka et al., 2015). It was reported that there was a weak positive correlation between CALR mRNA level and bone marrow blast percentage (Parka et al., 2015). Caveolin (CAV1) is another significantly downregulated gene after treatment of APL patients with idarubicin and ATRA. It was showed by other authors that caveolin-1 and MDR-1 (ABCB1) can interact physically, or can be involved in the same aberrant pathway(s) activated during MDR-1 upregulation (Pang et al., 2004; Wang et al., 2021). It was demonstrated that there was a relationship between the overexpression of CAV1 and poor prognosis in CLL (Gilling et al., 2012). Some previous reports have demonstrated that CAV1 acts as both a tumor suppressor and an oncogene (Trimmer et al., 2010; Korakiti et al., 2020). The studies also revealed that caveolin-1 and c-Myc are favorable molecular targets in tumor cells and metastasis (Luanpitpong et al., 2020). In our studies, we demonstrated that these two genes’ expressions are very important for APL patients’ treatment prognosis.
CONCLUSION
Calreticulin, caveolin1, MYC, and WT1 can be potential markers associated with the pathology, thereby revealing the potential value of this approach for a better characterization of the prediction of APL outcomes.
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Carcinomas of the oral cavity and oropharynx belong among the ten most common malignancies in the human population. The prognosis of head and neck squamous cell carcinoma (HNSCC) is determined by the degree of invasiveness of the primary tumor and by the extent of metastatic spread into regional and distant lymph nodes. Moreover, the level of the perineural invasion itself associates with tumor localization, invasion’s extent, and the presence of nodal metastases. Here, we summarize the current knowledge about different aspects of epigenetic changes, which can be associated with HNSCC while focusing on perineural invasion (PNI). We review epigenetic modifications of the genes involved in the PNI process in HNSCC from the omics perspective and specific epigenetic modifications in OSCC or other neurotropic cancers associated with perineural invasion. Moreover, we summarize DNA methylation status of tumor-suppressor genes, methylation and demethylation enzymes and histone post-translational modifications associated with PNI. The influence of other epigenetic factors on the HNSCC incidence and perineural invasion such as tobacco, alcohol and oral microbiome is overviewed and HPV infection is discussed as an epigenetic factor associated with OSCC and related perineural invasion. Understanding epigenetic regulations of axon growth that lead to tumorous spread or uncovering the molecular control of axon interaction with cancer tissue can help to discover new therapeutic targets for these tumors.
Keywords: HNSCC, perineural invasion, epigenetics, oral cancer, miRNAs
1 INTRODUCTION
Squamous cell carcinoma of the head and neck (HNSCC) originates from the mucosal lining of the upper aerodigestive tract, thus including cancers of the oral cavity, paranasal sinuses, nasal cavity, pharynx, and larynx. According to recent estimates, more than 650,000 new cases are diagnosed, and over 350,000 cancer deaths are reported every year worldwide (Torre et al., 2012). From these tumors, oral squamous cell carcinoma (OSCC) represents the most common oral malignancy, demonstrating up to 80–90% of all malignant neoplasms of the oral cavity (Johnson et al., 2000). Despite supporting health education and improving awareness among the general public, and primary care practitioners, many patients are diagnosed in advanced stages of disease (stages III and IV). In addition, the etiology of SCC (squamous cell carcinoma) is typically linked to tobacco and alcohol abuse (Mello et al., 2019). However, emerging evidence revealed an increasing proportion of oropharyngeal tumors caused by human papillomavirus (HPV) infection (Miller and Johnstone, 2001). Therefore, two biologically distinct types of HNSCC (HPV-positive and HPV-negative) can be distinguished. In the United States, HPV-positive oropharyngeal cancer is the fastest rising malignant disease in young white men (Gillison et al., 2019). This alarming trend is expected to expand soon into other economically developed countries (Kreimer et al., 2020).
Several biological and molecular criteria have been established to determine the histopathological staging of SCC, which play a key role in post-surgery treatment and estimation of prognosis of oral and oropharyngeal carcinomas (Woolgar, 2006). Staging and grading are based on the localization and volume of tumor, histopathological grading, histological type of squamous cell carcinoma, positivity of edges, the incidence of regional and distant metastasis, and the other signs of aggressive behavior (perineural invasion, endovascular invasion, etc.). Because the degree of primary tumor invasiveness and extent of metastatic spread into regional and distant lymph nodes closely correlate with the level of PNI, we will focus on PNI in HNSCC and epigenetic regulation of genes contributing to the cancer progression.
2 SCC AND PERINEURAL INVASION
Perineural tumor spreading is defined as the ability of tumor cells to penetrate into, around, or through the nerve tissue (Chatzistefanou et al., 2017) (Figure 1). Recently, this process has been described in colorectal carcinoma and salivary gland malignancies (Liebig et al., 2009a; Speight and Barett, 2009b). A possible cause of the perineural spread may lie in the chemotropism of tumor cells that can be stimulated by nerve tissue to grow further. Such interactions also act reciprocally, and cancer cells can induce the growth of the neural tissue. This process increases the invasion of the tumor into surrounding tissue and causes cancer to spread into areas located relatively distant from the primary tumor site.
[image: Figure 1]FIGURE 1 | Morphology of perineural invasion. (A) Complete circular PNI in the invasive front of the tumor, (B) Partial PNI in more than 30% of the nerve, (C) Partial PNI in less than 30% of the nerve, HE, 200x. (D) Complete circular PNI without intraneural propagation, (E) Partial circular PNI in less than 50% of the nerve with focal intraneural propagation, (F) Partial circular PNI in more than 50% of the nerve with focal intraneural propagation, immunohistochemistry, cytokeratin AE1/A3 (DAB, brown), nuclei (HE, blue), 200x.
Primary cell types involved in PNI are neural Schwann cells (SCs) (Deborde and Wong, 2017), and cancer-associated fibroblasts (Zhang et al., 2019). OSCC is a neurotropic malignancy, and SCs are key mediators and promoters of PNI (Azam and Pecot, 2016; Deborde and Wong, 2017). During interaction with tumorous tissue, their activity recapitulates the normal Schwann cells’ response to peripheral nerve injury, i.e., dynamic transcriptional reprogramming of these cells to active dedifferentiated subtype. It is interesting to note that such reprogramming requires epigenomic regulation through modification of chromatin structure (Ma et al., 2016).
Previously, the invasion was thought to be caused by a mechanical incursion of the tumorous tissue through the relatively thin epineurium tissue (Bockman et al., 1994). However, this concept was rejected after the improved microscopic techniques demonstrated that the tumor cells did not grow passively around the nerves but instead penetrated the perineurium close to Schwann cells and axons up to endoneurium (Gil et al., 2009). Rarely, some less aggressive tumors also develop this nerve-tumor complex at relatively early stages, while others, more aggressive tumors, cause PNI at advanced stages (Chen et al., 2007). One possible explanation is the formation of specific microenvironments in the perineural space, which may contain cellular factors that act on neural tissue and certain types of tumorous tissues. cDNA microarray analysis of adenoid cystic carcinoma samples with and without perineural invasion, deregulation of genes controlling cell cycle, cytoskeleton, and extracellular matrix has been demonstrated. The extracellular matrix also contained increased amounts of neurotrophic factors and adhesive molecules, promoting tumor spreading based on chemotaxis (Liebig et al., 2009b). However, similar analyses have not been performed for HNSCC in relation to PNI yet.
Previously, it was proposed to define PNI as a tumor invasion into the proximity of the nerve comprising 1/3 of the nerve circuit and/or displaying the presence of cancer cells in any of three nerve layers (Fagan et al., 1998). Unfortunately, this classification cannot differentiate between perineural proliferation without infiltration of the nerve fascicle and intraneural propagation or penetration of the cells directly into the nerve, which may reflect a direct clinical impact and affect the patient’s prognosis. This fact also illustrates the need for a more comprehensive examination of regulatory processes, which can potentially lead to distinguishing between these two behaviors and serve as an essential indicator of the tumor aggressiveness, thus giving information about survival prediction and/or probability of the local tumor recurrence.
In clinical settings, the occurrence of perineural invasion among cancer patients usually ranges from 2–30% but can reach up to 82%, depending on the cancer type and the diagnostic methods (O’Brien et al., 1986; Soo et al., 1986; Kurtz et al., 2005). Perineural invasion of squamous cell carcinoma has been reported, but not fully investigated. In clinical trials investigating SCC in the orofacial area, this invasion can be a significant independent factor associated with increased local recurrence of the tumor, metastases, and median patient survival (Sutton et al., 2003; Binmadi and Basile, 2011; Jardim et al., 2015). In the orofacial area, perineural invasion can cause intracranial spreading of the lip carcinoma along the facial or trigeminal nerve branch, thus negatively affecting the patient survival rate (Caldemeyer et al., 1998; Sullivan and Smee, 2006). Previous findings are, however, not consistent as some studies have not found a statistically significant correlation between lymphogenic metastases and perineural invasion and carcinomas in the oral cavity (Wallwork et al., 2007), while other sources confirm this correlation as statistically significant (Woolgar and Scott, 1995; Rahima et al., 2004; Woolgar, 2006). Nevertheless, a relationship was found between the lymphogenic and perineural invasion of T1-T2 carcinomas in the anterior part of the tongue (Larsen et al., 2009). Also, tumor thickness, “non-cohesive invasion front,” neural and bone invasion were described as powerful factors affecting the lymphogenic spreading of the tumor (Ross et al., 2004). Therefore, perineural outgrowth may represent another issue important for clinical practice, particularly in younger patients whose tumors are generally more aggressive, although this has not been fully confirmed in the literature yet.
The interactions between tumor and neural cells are not limited to cell migration and tumor growth from the primary location. Such communication can also stimulate axonogenesis or extent of nerves together with an increase of axon numbers, which can lead to an increase in tissue density around the neural tissue. This process is important in embryonic development and wound healing, representing a physiological status (Aller et al., 2010). Unfortunately, in oncology, axonogenesis facilitates tumor progression, as demonstrated in adenoid cystic carcinoma, which is accompanied by the release of neural growth factors into surrounding tissues. These factors, in turn, stimulated the nervous tissue to neurogenesis, causing nerve elongation, which allowed the tumor to spread further into the tissue (Wang et al., 2009). A similar phenomenon has been demonstrated in the prostate tumor, where the nerve-tumor complex has created a microenvironment stimulating both the nerve and the tumor to grow together (Ayala et al., 2008). Whether the squamous cell carcinoma also similarly affects neurogenesis remains unclear (Binmadi and Basile, 2011).
Perineural invasion is involved in the progression of head and neck squamous cell carcinomas and significantly affects disease prognosis; that is why it is critical to clarify the underlying molecular mechanisms of PNI. However, only a minimal number of molecular studies have been focused on the roles of individual genes in the regulation of the PNI process (Binmadi et al., 2012; Yu et al., 2014; Scanlon et al., 2015; Zhang et al., 2019). To our best knowledge, no one has focused on the role of epigenetic mechanisms potentially involved in regulating genes in cells participating in perineural invasion of HNSCC.
3 EPIGENETIC REGULATIONS AND THEIR ASSOCIATION WITH PERINEURAL INVASION
Epigenetics is the research field focused on heritable, reversible changes caused by modulation of gene regulation and expression that do not involve changes to the underlying DNA sequence itself. The word “epigenetic” literally means “above” or “on top of” genetics (Waddington, 1942). Epigenetic processes can lead to altered gene initiation and expression, affecting cell physiology, leading to cancer transformation and progression. Epigenetic changes are dynamic and more frequent than gene mutations and potentially play an important role in determining metastatic phenotypes of cancer cells (Guo et al., 2019). It is widely accepted that transcription and gene regulation is intimately coupled to covalent modifications of the underlying chromatin template. Recently, non-enzymatic covalent modifications (NECMs) by chemically reactive metabolites have been reported to manipulate chromatin architecture and gene transcription (Zheng et al., 2019a; Zheng et al., 2020a). In turn, miRNAs as short non-coding RNAs that regulate gene expression post-transcriptionally, generally bind to the 3′-terminal untranslated region (3′-UTR) of their target mRNAs and repress protein production by destabilizing the mRNA and translational silencing (Ramzan et al., 2021).
In this review, we focus on epigenetic modifications, including classical epigenetic changes affecting DNA methylation and histone modifications and small RNA-mediated processes, particularly those of miRNAs. The link between such epigenetic changes and metastatic dissemination of OSCC by perineural invasion has not been fully explored yet. However, the specific epigenetic alterations have been previously identified in a variety of other malignancies displaying perineural invasion (PNI), such as cutaneous squamous cell carcinoma (Hervás-Marín et al., 2019), pancreatic cancer (Zhang et al., 2020), colorectal cancer (Li et al., 2019), and bile duct cancer (Park et al., 2013).
Epigenetics in oral carcinogenesis can be frequently modulated by endogenous, as well as environmental factors. Among them, tobacco smoking, alcohol consumption, and human papillomavirus (HPV) persistent infection play a significant role (Lleras et al., 2013; Kumar et al., 2015; Degli Esposti et al., 2017; Russo et al., 2020). These factors have already been linked to perineural invasion occurrence in head and neck squamous cell carcinoma (Baumeister et al., 2018; Al Feghali et al., 2019).
Epigenetic changes, such as DNA hypermethylation of tumor-suppressor genes, are abundant for OSCC while there is a limited number of oncogenic cancer-driving genetic abnormalities in this disease. Moreover, PNI represents the major clinicopathological factor affecting the poor prognosis of oral cancers. These facts encourage us to summarize current knowledge on epigenetic abnormalities during PNI.
4 EPIGENETIC MODIFICATIONS OF THE GENES INVOLVED IN THE PERINEURAL INVASION PROCESS IN HEAD AND NECK SQUAMOUS CELL CARCINOMA FROM THE OMICS PERSPECTIVE
There are multiple cellular and molecular alterations known to occur along with the perineural invasion of tumorous tissues. These changes result in the molecular profiles associated with epithelial-mesenchymal transition, metastasis, and invasion as revealed by single-cell transcriptomics in HNSCC (Zhang et al., 2019). The global expression adjustments can be accompanied by altered activity of epigenetic factors that simultaneously control the expression of many gene sets. Targeted analysis on TGCA dataset using weighted gene co-expression network approach to identify a pool of most important genes highly associated with the presence of perineural invasion revealed the following 12 candidate genes: TIMP2, MIR198, LAMA4, FAM198B, MIR4649, COL5A1, COL1A2, OLFML2B, MMP2, FBN1, ADAM12, and PDGFRB (Zhang et al., 2019). Most of these genes were highly expressed in fibroblasts, with relatively high expression observed in macrophages and endothelial cells (Zhao et al., 2014; Zhang et al., 2019). The epigenetic regulation of those genes in the OSCC patients with perineural invasion is mainly unknown. However, the epigenetic status of many of those core genes was already described in other malignancies (Table 1).
TABLE 1 | Expression and epigenetic regulation of PNI-HNSCC signature genes.
[image: Table 1]The expression of metalloproteinase tissue inhibitor 2 (TIMP2) was found to play a crucial role in the progression of malignant tumors, was downregulated in many cancers, including OSCC (Chen et al., 2019; Zhang et al., 2019). OSCC cell lines and tissue exhibited reduced expression of TIMP2, which was negatively correlated with CSN6 (COP9 Signalling Complex) (Gao et al., 2020). However, many studies identified high expression of TIMP2 to correlate with poor prognosis (Ruokolainen et al., 2006). This controversy of the results was already previously discussed (Shrestha et al., 2017). Nevertheless, silencing of TIMP2 by the activity of histone methyltransferase EZH2 was found to promote cell invasion and migration in metastatic ovarian cancer (Yi et al., 2017). Interestingly, another hub gene, COL5A1, as a target of EZH2, is upregulated by decreased activity of EZH2 in the breast carcinoma cell line (Kumari et al., 2019). As the expression of EZH2 was found to be increased in HNSCC, and the silencing of EZH2 led to the suppression of tumour invasion (Cao et al., 2012), this protein seems to be a promising target for therapies; however its association with PNI has to be evaluated yet. Moreover, COL1A2 is highly expressed in pancreatic cancer and represents a hallmark protein regulated by miR-25-3p (Wu et al., 2019). Hypomethylation of LAMA4 was identified as a marker of poor prognosis in pancreatic cancer (Zheng et al., 2020b). The relationship between LAMA4 expression and various clinicopathological features, including PNI, was analysed. Nevertheless, PNI was not significantly correlated with LAMA4 upregulation (p = 0.210). Epigenetic regulation of FAM198B is probably only indirect through its stabilization protein CELF2 (Guo et al., 2021). CELF2 is involved in mRNA splicing, and epigenetic loss of CELF2 was associated with a worse prognosis in breast cancer (Piqué et al., 2019). CELF2 was found to be differentially expressed in HNSCC, and its low expression was determined in normal head and neck tissues (Yang et al., 2021). Therefore, CELF2, similar to EZH2, was defined as a negative prognostic marker for HNSCC (Yang et al., 2021); however, the association of this cancer to PNI is still unknown and will need to be validated. For metalloproteinase 2 (MMP2), an epigenetic control by promoter hypomethylation was suggested to be associated with invasive cancer behaviour (Chernov et al., 2009). Similarly, hypomethylation of ADAM12 promoter was linked with worse outcomes in breast cancer (Mendaza et al., 2020).
Interestingly, the expression of the majority (75%) of core genes seemed to be the highest in fibroblasts (Zhang et al., 2019), in agreement with the known fact that cancer-associated fibroblasts are essential for disease progression and their potential role in directing and promoting perineural invasion will also be necessary to evaluate.
5 SPECIFIC EPIGENETIC MODIFICATIONS IN HEAD AND NECK SQUAMOUS CELL CARCINOMA AND OTHER NEUROTROPIC CANCERS ASSOCIATED WITH PERINEURAL INVASION
Both DNA and histone modifications play a crucial role in regulating DNA transcriptional activity and chromatin structure. Those DNA and histone modifications are facilitated by epigenetic regulators (DNA methyltransferases, ten-eleven translocation 5-mC hydroxylases, histone acetyltransferases, histone methyltransferases, chromatin-remodeling enzymes, and many more), representing the executors of chromatin remodeling outcomes.
Potential links between DNA and histone modifications, or the expression of epigenetic regulators as well as short non-coding RNA, and the PNI extent have not been addressed in the HNSCC field so far. However, previously uncovered correlation of the altered expression level of epigenetic regulators and perineural invasion found in pancreatic ductal adenocarcinoma (PDA) provided the venue for developing potential therapeutic targeting these enzymes (Silverman and Shi, 2016). Those principles can also be adapted to target epigenetic regulators in PNI positive HNSCC patients.
Here, we focus on individual epigenetic changes in HNSCC and other neurotropic cancers and their possible association with PNI.
5.1 DNA and Histone Epigenetic Modifications Associated with Perineural Invasion
5.1.1 DNA Methylation
In mammals, DNA methylation refers to the covalent transfer of a methyl (-CH3) group to the C5 position of the cytosine ring of DNA by a family of DNA methyltransferases (DNMTs). DNMT family comprises a conserved set of DNA-modifying enzymes DNMT1, DNMT3A, and DNMT3B (Li and Zhang, 2014). Most of DNA methylations in somatic cells occur in the CpG dinucleotide context. The cluster of CpG dinucleotides, referred to as CpG islands, is commonly found near transcription start sites (TSS) of many genes. DNA methylation negatively correlates with gene expression, leading to the transcriptional silencing of genes controlling cancer progression.
As mentioned above, HNSCC is characterized by dysregulation of tumor-suppressor genes, primarily by epigenetic abnormalities (Faraji et al., 2018). CpG islands near TSSs of tumor suppressors are often hypermethylated in the oral squamous cell carcinoma (reviewed in Kim et al., 2019; Hema et al., 2017). DNA methylation status of these OSCC-specific tumor-suppressor genes was not studied specifically concerning PNI in oral cancers. Nevertheless, the differential expression of some of them, such as TFPI2, CDKN2A, CDH1, PTEN, and RUNX3, correlated with PNI in other neurotropic cancers (Supplementary Table S1).
TFPI2 (Tissue factor pathway inhibitor-2), Kunitz-type serine proteinase, and a presumed tumor suppressor gene was associated with PNI in pancreatic carcinoma tissue. TFPI2 expression was strongly negatively correlated (r = −0.460, p < 0.001) with PNI and proposed to be a predictor of a high risk of PNI in pancreatic cancer (Zhai et al., 2015). Moreover, aberrant methylation of the TFPI2 gene is significant in the decrease of TFPI2 expression in human cancers in general (Sierko et al., 2007). However, the association of the methylation status of these genes with PNI in OSCC has not been tested yet.
CDKN2A (cyclin-dependent kinase inhibitor 2A) is ubiquitously expressed in many tissues and cell types and codes for two tumor suppressor proteins. These are transcribed from alternative first exons and therefore translated from different reading frames, one of them being p16INK4a (p16), the other one p14ARF (p14) (Stott et al., 1998). In OSCC, CDKN2A loss of expression was associated with the disease recurrence (Deepak Roshan et al., 2019), and p16 as one of the well-accepted markers of HNSCC prognosis positively correlated with better disease outcomes (reviewed in Augustin et al., 2020). Association of OSCC recurrence and PNI was also tested but determined to be insignificant (Deepak Roshan et al., 2019). Remarkably, methylation of p16INK4a promoter was a more frequent event in prostatic tumors with PNI than without PNI (Verdoodt et al., 2011).
The adhesion molecule and tumor suppressor gene CDH1 (E-cadherin) was found to be frequently inactivated in salivary gland ACC and ACC cell lines through promoter methylation. Tumors with CDH1 promoter methylation exhibited a significantly more PNI than tumors, not demonstrating methylations (Zhang et al., 2007).
Loss of PTEN (phosphatase and tensin homolog), a commonly altered tumor suppressor gene in prostate cancer, was analyzed in prostatic adenocarcinoma specimens from patients who subsequently developed biochemical recurrence. PTEN loss demonstrated a significant correlation with perineural invasion (RR = 24.489, p < 0.001), as compared to wild-type PTEN (Kim et al., 2015). Interestingly, prostate tumors with PTEN loss harbored a distinct epigenome-wide methylation signature, which might mediate tumor progression when PTEN was deleted (Geybels et al., 2017).
The tumor regulatory role of RUNX3 (runt-related transcription factor 3), the Wnt pathway antagonist, in OSCC is still controversial. It was previously identified as a tumor suppressor regulating OSCC cells invasion (Zhou et al., 2017). Moreover, its promoter was found hypermethylated in OSCC (Gao et al., 2009; Supic et al., 2011). However, it may function either as an oncogene or a tumor suppressor gene, based on the data for other tumor types (Otálora-Otálora et al., 2019). Unfortunately, the reduction of this transcription factor has not been studied in relation to PNI in OSCC yet. Nevertheless, the correlation of RUNX3 methylation and PNI was reported in salivary gland adenoid cystic carcinoma (ACC) (Ge et al., 2011), indicating the necessity to analyze RUNX3 methylation in other types of neurotropic cancers.
In addition to tumor suppressor genes, methylation of the growth factor receptors such as TrkA, GFRA1, and TNFRSF10C were identified to play a role in perineural spreading and invasion in some tumors (Supplementary Table S1).
Neurotrophic tyrosine kinase receptor type 1 (NTRK1), also known as tropomyosin receptor kinase A (TrkA), is a high-affinity catalytic receptor for the nerve growth factor (NGF). NGF-TrkA signaling system is thought to be involved in the progression of various cancers (reviewed in Gao et al., 2018) and was suggested to play a role in perineural growth and invasion in HNSCC (Roh et al., 2015). An enhanced expression of the NGF and TrkA in pancreatic cancer was considered to be related to the perineural invasion of cancer cells (Zhu et al., 1999). Immunohistochemical analysis revealed strong TrkA expression in most stage IV pancreatic ductal cancer cells, especially with extensive perineural invasion. Intriguingly, TrkA expression was positively related to the methylation of non-CpG islands around the negatively regulating AP-1-like site in the 5′-untranslated region of the TrkA gene (Fujimoto et al., 2005).
GFRA1 (GDNF family receptor alpha-1) is a cell surface membrane receptor for glial cell-derived neurotrophic factor (GDNF). The GFRA1 gene is normally expressed in neural cells and is overexpressed in many cancer types. Methylation of CpG islands around the GFRA1 transcription start site epigenetically inactivates gene transcription, and demethylation of the locus is essential for gene reactivation. Interestingly, GFRA1 overexpression promotes perineural invasion in pancreatic (Gil et al., 2010) and bile duct cancer cells (Iwahashi et al., 2002).
Higher methylation levels at TNFRSF10C (tumor necrosis factor receptor superfamily member 10C) promoter region in peripheral blood and cancer tissue was positively associated with perineural tumor spread in pancreatic adenocarcinoma (Dauksa et al., 2012); however, it will be necessary to follow the gene expression regulation of this gene in HNSCC patients.
As of today, the only direct correlation of gene methylation with perineural invasion in HNSCC was reported for homeobox protein HOXA1 (Li et al., 2021). High HOXA1 expression was significantly related to DNA methylation decline and PNI (p = 0.0019) (Li et al., 2021). Therefore, HOXA1 was proposed to be a novel biomarker of HNSCC prognosis.
5.1.2 Methylation and Demethylation Enzymes
Modulation of the DNA methylation status may be reflected by the expression changes of the methylation and demethylation enzymes. Such changes in the level and activity of DNMTs and TET (ten-eleven translocation 5-mC hydroxylases) enzymes may contribute to OSCC initiation, progression, and clinical outcome. The gene expression data on DNMTs and TETs concerning PNI have been reported (Table 2).
TABLE 2 | Expression of methylation and demethylation enzymes and their association with PNI.
[image: Table 2]The mRNA expression of all DNMT family members was upregulated in OSCC (Gaździcka et al., 2020). Thus, upregulation of the DNMT1 gene was confirmed to be an independent marker of relapse-free survival and poor clinical outcome of OSCC patients (Supic et al., 2017).
Overexpression of DNMT3A in OSCC was related to the downregulation of the anti-aging gene Klotho and may be one of the causes of carcinoma in the oral and maxillofacial region. Klotho may serve as a reliable marker for early detection of methylation changes in oral tissues or can be used as a potential target for therapeutic modification in OSCC (Adhikari et al., 2017).
Increased expression of DNMT3B leads to downregulation of E-cadherin, suggesting that changes in OSCC methylation status are involved in the induction of epithelial-mesenchymal transition (EMT) (Chen et al., 2016). Furthermore, in gene expression profile study of salivary ACC associated with PNI, DNMT3B was listed among substantially upregulated genes in the PNI ACC cell group relative to the non-PNI ACC cell group (Chen et al., 2007). Together, these findings agree with the detected E-cadherin promoter methylation in PNI-positive salivary gland ACC discussed in the previous chapter (Chapter 5.1.1 and Zhang et al., 2007).
Importantly, it was shown that targeting DNMTs using epigenetic inhibitors might potentially reverse methylated status and therefore enhance OSCC response to chemotherapy (Suzuki et al., 2009).
The process of active removal of methyl groups is opposite to DNA methylation. The TET enzymes, TET-1, TET-2, and TET-3, play a role as pivotal factors in DNA demethylation. The TET enzymes catalyze the hydroxylation of DNA 5-methylcytosine (5mC) to 5-hydroxymethylcytosine (5hmC) and can alter the regulation of transcription (Rasmussen and Helin, 2016) when molecular oxygen is served as a substrate to convert 5-mC to 5-hmC, and 5-hmC to 5-formylcytosine (5-fC) and 5-carboxycytosine (5-caC) (Ito et al., 2011; Ko et al., 2015). Furthermore, the discovery of 5-hmC, 5-fC, and 5-caC has raised the need to elucidate their function, and it is possible that such oxidized cytosine modifications constitute part of the pathways that lead to active demethylation (Booth et al., 2015).
TET proteins are involved in many important processes, which may influence the development and progression of tumorigenesis (Tan and Shi, 2012). In OSCC, high levels of 5-hmC were correlated with poor overall survival in patients, suggesting the level of demethylation as an important factor for disease prognosis (Wang et al., 2017) and were associated with perineural invasion in pancreatic ductal adenocarcinoma (Chen et al., 2018).
A downregulation of TET-1 expression may lead to enhanced O6-methylguanine-DNA methyltransferase (MGMT) promoter methylation, increasing the sensitivity of OSCC stem cells to chemotherapeutics (Wang et al., 2019). Furthermore, a downregulation of TET-2 correlated with a decreased level of 5-hmC in patients with OSCC (Jäwert et al., 2013). Thus, the reduced abundance of 5-hmC and the depletion of TET-2 expression in OSCC patients may contribute to OSCC development (Wang et al., 2017).
In addition, the multivariate analysis revealed the association of TET-3 gene methylation with poor survival of OSCC patients (Misawa et al., 2018); however, the direct effect of this epigenetic change on perineural invasion initiation in HNSCC patients has not been evaluated yet (Table 2).
5.1.3 Histone Modifications
Histone post-translational modifications, not limited to acetylation, methylation, and phosphorylation, represent distinct types of epigenetic regulation, which can be altered during cancer progression. A high level of H3K27me3 and a low level of H3K4ac were positively correlated with PNI and OSCC tumor stage (Chen et al., 2013). In OSCC tissue and cell lines, H3K27 acetylation promoted cell proliferation and invasion via the activation of the Wnt/βcatenin pathway (Chen et al., 2019). Furthermore, H3K14 was found to be highly acetylated in OSCC tumor patient samples compared to adjacent normal tissue (Arif et al., 2010).
Overexpression of chromatin assembly factor-1, CAF1/p60, which is implicated in incorporating H3K56-acetylated histones into chromatin in response to oxidative stress, predicts the metastasizing behavior of oral cancer (Mascolo et al., 2012).
A low level of H3K4me2 was associated with perineural invasion (p = 0.07) in Asian patients with pancreatic cancer (Watanabe et al., 2012). Potentially, a low level of H3K4me2 may influence PNI in HNSCC patients, but this possibility was not evaluated yet.
5.1.4 Histone Deacetylation Enzymes
Histone deacetylases (HDACs) are involved in various cellular functions, including cell survival and proliferation regulation. Therefore, aberrant expression of HDAC genes is often implicated in tumorigenesis (Hadley et al., 2019); specifically the overexpression of HDACs is usually associated with advanced OSCC (Chang et al., 2009).
The elevation of HDAC2 expression was frequently found in OSCC patients, and univariate analysis confirmed the association of HDAC2 overexpression with shorter overall survival of those patients. This data suggests that the expression level of HDAC2 can serve as a useful prognostic marker for patients with OSCC (Chang et al., 2009).
Higher mRNA and protein expression of HDAC6 were detected in oral cancers, and these changes were associated with a level of tumor aggressiveness (Sakuma et al., 2006).
HDAC8 was found to be overexpressed in OSCC tissues, and HDAC8 silencing significantly inhibited the proliferation of OSCC cells by the induction of apoptosis through caspases activation and pro-survival autophagy (Ahn and Yoon, 2017). In breast cancer tissue, there was a significant association between HDAC8 overexpression and perineural invasion (p < 0.05) (Menbari et al., 2020).
High expression of HDAC9 enhances the development of OSCC by alterations of the cell proliferation, cell cycle, and apoptosis (Rastogi et al., 2016).
Based on these data, chemical inhibition of histone deacetylase members might become a novel therapeutic strategy for OSCC. Indeed, the treatment of OSCC with histone deacetylase inhibitors revealed promising results (Sakuma et al., 2006; Tasoulas et al., 2015; Ahn and Yoon, 2017).
5.2 Short Non-Coding RNAs Associated with Perineural Invasion
MicroRNAs (miRNAs or miRs) are a widespread class of short non-coding RNAs, approximately 18–25 nucleotides in length, which are now recognized as one of the major regulators of gene families expression in eukaryotes (Yao et al., 2019). The roles of miRNAs in epigenetic regulation are complex. However, their primary function lies in the binding to complementary target sequences in mRNA, inducing mRNA decay and interfering with the translational process, thereby preventing or modifying the translation of the protein product. As epigenetic modulators, miRNAs affect the protein levels of the target mRNAs without altering the gene sequences. Moreover, miRNAs themselves can also be epigenetically regulated by DNA methylation and histone modifications of their promoters or by epigenetic modification of the miRNA itself. The reciprocal actions of miRNAs and epigenetic pathways appear to form a miRNA-epigenetic feedback loop (Yao et al., 2019). In miRNA-mediated regulatory networks, one miRNA can regulate many genes, and a single gene can be controlled by many miRNAs (Jonas and Izaurralde, 2015).
miRNA expression patterns have been studied in HNSCC patients and demonstrated to play an essential role in HNSCC pathogenesis. However, not much attention has been paid to the association of specific miRNA expression with PNI in HNSCC (Table 3; Figure 2), in contrast to other tumor types (Zhang et al., 2021). There are more studies focused on the differences in miRNAs expression between PNI positive and negative patients with prostate, pancreatic, colorectal, or gallbladder carcinoma (Prueitt et al., 2008; Liu et al., 2018; Fukada et al., 2020; Sim et al., 2020; Szabo et al., 2020). To the best of our knowledge, a small number of miRNAs have been studied in HNSCC in relation to PNI (Table 3).
TABLE 3 | Short non-coding RNAs associated with PNI.
[image: Table 3][image: Figure 2]FIGURE 2 | Possible regulatory mechanism of miRNAs and their targeted genes to initiate PNI in oral squamous cell carcinoma. Created with BioRender.com.
An extensive effort has been devoted to revealing direct (Yu et al., 2017) and indirect (Reis et al., 2010; Hedbäck et al., 2014; Mahmood et al., 2019) correlation of tumor progression with the miR-21 expression status in OSCC. miR-21 is one of the most studied oncogenic microRNAs in the field of carcinogenesis (Feng and Tsao, 2016), and it represents the most consistently dysregulated microRNA in OSCC (reviewed in Narasimhan and Narasimhan, 2018). Interestingly, high expression of miR-21, reversely correlated with PTEN expression, was related to perineural invasion and was suggested to promote cancer cells to invade the nerve bundle and spread out (Yu et al., 2017).
The effects of altered miR-197 expression on various clinicopathological features in the prognosis of OSCC were identified (Ahn et al., 2017). Increased level of miR-197 was found to be associated with gender, T stage, and PD-L1 (Programmed Death Ligand 1) expression changes. However, the association of miR-197 expression with PNI was not statistically significant (Ahn et al., 2017). In addition, the inverse correlation of miR-486-3p and DDR1 (Discoidin Domain Receptor Tyrosine Kinase 1) expression was reported in OSCC tissues, and clinical analysis uncovered the association of high expression of DDR1 with perineural invasion (Chou et al., 2019).
Increased expression of miR-205 was linked to less aggressive HNSCC tumors with a lower ability of perineural invasion (Kolenda et al., 2019). In that study, the expression of two tumor suppressors and regulators of epithelial-to-mesenchymal transition, let-7d and miR-205, were investigated together. Only high expression of miR-205 significantly inversely correlated with perineural invasion. Moreover, LTA, ZEB1, and CDH11 were found to be down-regulated in the group of patients with low let-7d and high miR-205 compared to patients with high let-7d and low miR-205 expression levels.
In another study with a relatively small group of HNSCC patients, a couple of miRNAs were analyzed in association with lymph node and perineural invasion (Sousa et al., 2016). In that study, the researchers found a significant association of reduced miR-199b levels with PNI (p = 0.040).
Specifically, in HPV16 + HNSCC subtype, miR-99a-3p high, miR-411-5p low, miR-4746-5p high expression phenotype correlated with increased overall survival and less frequent PNI (Zhang et al., 2020). This was probably caused by deregulation of EMT-related signaling and invasion-related genes in miR-99a-3p high, miR-411-5p low, miR-4746-5p high HNSCC patients.
In a broader category of HNSCC, downregulation of let-7a, miRNA involved in stem cell regulation, was significantly associated (p = 0.042) with perineural invasion (Brito et al., 2016).
Recently, a well-known oncogenic miR-155 was reported to be potentially valuable as a novel therapeutic target (Rajan et al., 2021). miR-155 was found to be overexpressed in OSCC patients exhibiting metastases into neck lymph nodes, and correlation of miR-155 expression with perineural invasion was statistically significant (Rajan et al., 2021). Earlier, a product of pre-miR-155 from the 5′ arm, miR-155-5p, was suggested to be a factor of poor disease-free survival rate and poor prognosis in OSCC (Baba et al., 2016). Moreover, in OSCC patients, enhanced overexpression of miR-155 inhibited the expression of the CDC73 gene, promoted cell proliferation, and inhibited apoptosis (Rather et al., 2013).
Several other miRNAs have been studied in oral squamous cell carcinoma cell lines and correlated with more aggressive characteristics and metastasizing behavior of OSCC in general (Table 4; Figure 3). The level of miR-21 was increased in OSCC patients with nodal metastasis (Reis et al., 2010). Its higher expression correlated with the downregulation of Programmed Cell Death 4 (PDCD4), the tumor suppressor genes, and the increased invasive potential of oral carcinoma cells.
TABLE 4 | Short non-coding RNAs associated with malignant behavior in OSCC.
[image: Table 4][image: Figure 3]FIGURE 3 | Possible regulatory mechanism of miRNAs and their targeted genes to initiate invasive behaviour of oral squamous cell carcinoma. Created with BioRender.com.
The increased expression of oncogenic miR-211 in OSCC correlated with decreased expression of another tumor suppressor gene, bridging integrator-1 (BIN1) (Zheng et al., 2019b). Indeed miR-211-binding was found on the 3′-untranslated region (3′-UTR) of BIN1 mRNA. Moreover, the ectopic overexpression of BIN1 protein in OSCC cell lines was associated with decreased proliferation, cell migration, and invasion (Zheng et al., 2019b).
Furthermore, upregulation of miR-134 was determined in OSCC cell lines and found to target and reduce expression of the PDCD7 gene, which led to OSCC progression (Peng et al., 2018).
Downregulation of miR-16 expression was observed in OSCC patients and cancer cell lines, and this was negatively correlated with enhanced expression of its target gene, Tousled-like kinase 1 (TLK1) (Hu et al., 2018). Moreover, oncogenes AKT3 and BCL2L2, which are responsible for promoting cell proliferation and inhibition of apoptosis in OSCC, have been determined as new target genes for miR-16 with a negative correlation between expression of miR-16 and expression of AKT3 and BCL2L2 (Wang and Li, 2018). Plus, a synergic effect of miR-15a, miR-16, and miR-132 overexpression caused suppression of proliferation, migration, and invasion in pituitary tumors (Renjie and Haiqian, 2015), Decreased expression of miR-638 in OSCC tissue and cells correlated with lymph node metastasis and TMN stages (Tang et al., 2019). Ectopic expression of miR-638 in OSCC cell lines inhibited migration, invasion, and proliferation, while its knockdown had an opposite outcome. miR-638 targets phospholipase D1 (PLD1) and thus may inhibit Wnt/β-catenin pathway (Tang et al., 2019).
Overall, the involvement of microRNAs in the PNI has gained increased attention recently (reviewed in Zhang et al., 2021). The recent data suggest that microRNAs could serve as diagnostic and prognostic markers, as well as a therapeutic target for HNSCC patients.
6 THE INFLUENCE OF OTHER EPIGENETIC FACTORS ON THE HEAD AND NECK SQUAMOUS CELL CARCINOMA INCIDENCE AND PERINEURAL INVASION
Specific and general epigenetic factors represent risk components for head and neck squamous cell carcinoma, such as tobacco use and alcohol consumption. These addictive substances are independent risk factors but exert synergistic effects when combined. Indeed, there is a behavioral link between cigarette smoking and drinking alcohol; thus, addressing each habit as a separate risk factor in the patient is not always easy. Moreover, exposure to second-hand cigarette smoke is difficult to quantify, leading to patients’ background misclassification.
While HNSCC is traditionally considered a disease of smokers and drinkers, non-smoking and non-drinking patients also develop HNSCC. Another factor that can raise a person’s risk of head and neck cancer is HPV infection. HPV-positive HNSCC represents a distinct group of lesions that vary in their clinical presentation from those caused by classical risk factors (Aggarwal et al., 2020).
Nevertheless, all of the above-listed risk factors can influence or function through epigenetic mechanisms in head and neck squamous cell carcinoma (Colacino et al., 2013; Virani et al., 2015; Degli Esposti et al., 2017; Hema et al., 2017; Ghantous et al., 2018; Jiang et al., 2019; La Rosa et al., 2020). Therefore, it is critical to address whether these mechanisms also contribute to the occurrence of perineural invasion in HNSCC.
6.1 Tobacco as an Epigenetic Factor of Head and Neck Squamous Cell Carcinoma
Various epidemiological studies state that 60–95% of patients with oral squamous cell carcinoma have a personal history of using tobacco products (Llewelyn and Smoking, 1994; Jaber et al., 1999), making tobacco abuse one of the essential factors affecting etiopathogenesis. Tobacco risk factors include complex cigarette smoke, individual chemical components of cigarette smoke, process of cigarette combustion, and the use of non-cigarette tobacco products. It was demonstrated that tobacco in its chewable and smoking form contains a long list of potential carcinogens, cocarcinogens, and tumor promoters. The mechanisms of action of these compounds vary and can evoke several epigenetic changes, including enzymatic hypermethylation of promoter regions of genes ultimately leading to their silencing, altered methylation patterns in gene bodies and introns, alteration of miRNAs and long non-coding RNAs, and changes in histone modifications (reviewed in Centers for Disease Control and Prevention 2010; Ghantous et al., 2018; Choukrallah et al., 2019).
Carcinogens in cigarette smoke are regarded as one of the most potent environmental modifiers of DNA methylation (Breitling et al., 2011). They can give rise to DNA double-stranded breaks. Such damage is repaired by a coordinated action of DNA repair and checkpoint systems, including maintenance DNA methyltransferase 1 (DNMT1). It is recruited to the repair sites to methylate CpGs adjacent to the repaired nucleotides. Cigarette smoke modulates the expression and activity of DNMT1, thus influencing established DNA methylation patterns in cells. Further, nicotine binds to and activates the nicotinic acetylcholine receptors (nAchRs) (Brunzell et al., 2015). nAchRs are found abundantly in the central and peripheral nervous systems. Their activation ultimately leads to downstream activation of cAMP response element-binding protein (CREB), a key transcription factor for many genes (Lenz et al., 2010). Acting possibly via this mechanism, nicotine has been shown to downregulate DNMT1 mRNA and protein expression in neurons in the mouse brain (reviewed in Lee and Pausova, 2013).
Besides DNA methylation, cigarette smoke influences nucleosomal remodeling via histone acetylation, methylation, phosphorylation, and ubiquitination. Further, it can cause abnormal expression of unstable single-stranded miRNAs and lncRNA in mice and humans (Lee and Pausova, 2013). The role of epigenetic factors in tobacco-associated carcinogenesis is further supported by the reversibility of cancer risk after cigarette smoking cessation (Guida et al., 2015).
Only a handful of studies have evaluated the association of tobacco use and PNI in HNSCC patients, and the findings are somewhat inconsistent. Baumeister et al. concluded on the set of 178 HNSCC patients that current and former smokers demonstrated PNI significantly more often than tumors of never smokers (Baumeister et al., 2018). Al Feghali et al. uncovered on the set of 163 patients with oral cavity squamous cell carcinoma that smokers were more likely to have PNI than non-smokers (p < 0.01) (Al Feghali et al., 2019). On the other hand, smoking history was found to be not a risk factor for PNI in 178 patients with HNSCC examined (Zhang et al., 2019). Moreover, smoking history was not associated with perineural invasion in large cohort study of 136 HPV-positive OPSCC (Zebolsky et al., 2021).
Recently, genomic signature analyses and a DNA copy number variations (CNV) analysis of OSCC from patients who self-reported no smoking and drinking habits uncovered epidermal growth factor receptor (EGFR) oncogene amplification as the most common CNV in the examined individuals (Koo et al., 2021). Furthermore, EGFR amplification was significantly associated with PNI and extracapsular spread and non-smoking and non-drinking status as well. Increased EGFR gene copies in OSCC were also positively correlated with PNI in another study (Huang et al., 2012). Interestingly, a network of epigenetic factors that directly control EGFR DNA amplification was identified lately (Clarke et al., 2020). Collectively, these findings suggest that potentially epigenetically modified EGFR oncogene level in PNI positive OSCC might be independent of smoking and/or drinking alcohol.
6.2 Alcohol as an Epigenetic Factor of Oral Squamous Cell Carcinoma
The association between alcohol abuse and the development of OSCC has been previously described and discussed by many authors. The relative risk factor of daily drinking of 100 g of alcohol for SCC development is 6.0 for oral cavity, compared to 4.2 for esophageal and 3.2 for laryngeal cancer (Bagnardi et al., 2001; Morse et al., 2007; Li et al., 2014). Adverse effects of chronic exposure of the oral mucosa to alcohol lead to epithelial atrophy, reduction of the basal layer cell size, and stimulation of stem cells proliferation in the oral epithelium, which, together with chronic inflammation, helps to create an environment favorable for carcinogenesis (Li et al., 2014; Liu et al., 2015).
Alcohol is also transferred by blood into the saliva and subsequently microbially oxidized to acetaldehyde. However, its subsequent transformation into acetate is limited, and acetaldehyde remains in the saliva (Seitz and Stickel, 2007). Further, alcohol-associated acetaldehyde exposure may occur in the oral cavity independently from liver metabolism. Some alcoholic beverages naturally contain acetaldehyde produced by yeasts and acetic acid bacteria and acetaldehyde from coupled auto-oxidation of ethanol and phenolic compounds (Stornetta et al., 2018). In agreement, relatively high acetaldehyde concentration was found in the saliva of OSCC patients who were smokers, alcohol abusers, and displayed poor oral hygiene. Apart from its genotoxic effect, acetaldehyde was shown to cause epigenetic histone modifications in hepatocytes (Shukla et al., 2007) and specific epigenetic modifications in neuroblastoma cell lines (D'Addario et al., 2011). However, a direct effect of the presence of acetaldehyde or ethanol on the development of the oral squamous cell carcinoma or perineural invasion has not been sufficiently proven yet (Salaspuro, 2003; Seitz et al., 2004).
Nevertheless, ethanol-associated modifications of epigenetics have been investigated in OSCC. For example, exposure to ethanol increased acetylation in the H3K9/14 and H3K27 and methylation in H3K27 and H3K9 related to an inferior survival prognosis, increased occurrence of metastases, and OSCC recurrence (Urvalek et al., 2015). In addition, in the patients with higher alcohol consumption, a higher rate of hypermethylation of the promotor region of five tumor-suppressor genes (P16, DAPK, APC, CDH1, and MGMT) was found in association with OSCC (Supic et al., 2009).
In HNSCC patients, miR-30a, miR-934, miR-3164, and miR-3178 were upregulated in oral keratinocytes exposed to ethanol and acetaldehyde. The consequence of miR-30a and miR-934 dysregulation was studied in normal and HNSCC cell lines. Induction of cell proliferation and anti-apoptotic Bcl2 gene expression were detected (Saad et al., 2015). Alcohol-associated changes in lncRNAs were also reported in OSCC. Namely, dysregulation of lnc-PSD4-1 and lnc-NETO1-1 (Yu et al., 2016).
However, a causal link between alcohol and PNI has not been studied yet. To our knowledge, the data taking into account alcohol consumption in PNI positive patients are still limited and controversial. Lee et al. tested prognostic implications for OSCC patients with two distinct forms of perineural invasion, intratumoral (IPNI) and extratumoral (EPNI). In this study, patients with EPNI, compared to patients with IPNI, had a higher prevalence of preoperative alcohol consumption (Lee et al., 2019). However, other studies demonstrated no association of alcohol history with perineural invasion in HNSCC (Zhang et al., 2019) and HPV-positive oropharynx squamous cell carcinoma (Zebolsky et al., 2021).
6.3 Relationship of Alteration in the Oral Microbiome as an Epigenetic Factor with OSCC and Perineural Invasion
Another local factor possibly affecting the carcinogenesis in the head and neck area is the oral microbiome, which is usually associated with pH alteration in the oral cavity. Alcohol and tobacco abuse are two of the most common causes of such microbiome changes (Chattopadhyay et al., 2019). Bacteria Porphyromonas gingivalis and Fusobacterium nucleatum produce inflammatory cytokines, induce cell proliferation, inhibit apoptosis and affect cell migration. These changes in cell behavior can further support processes leading to carcinogenesis in the oral cavity. Bacteria species (e.g., Lactobacillus gasseri and Lactobacillus vaginalis, Fusobacterium nucleatum) can even be used for general oral health screening, diagnosis of early changes in the oral epithelium, and prediction of chemoprevention in OSCC patients (Chattopadhyay et al., 2019).
Information on oral microbial dysbiosis in PNI-positive carcinomas is minimal. However, the association of gut microbiota composition with perineural invasion was discussed in colorectal carcinoma (Kinross et al., 2017; Scott et al., 2019), and a systematic review of metagenomic studies on the oral microbiome in oral cancer indicate the need to test the correlation of perineural invasion with oral microbiome (Su Mun et al., 2021).
6.4 HPV Infection as an Epigenetic Factor Associated With OSCC and Related Perineural Invasion
HPV infection has also been found to induce malignant tumors in the orofacial region (Hübbers and Akgül, 2015). Especially HPV16 expressing viral E6 and E7 oncoproteins inactivate p53 and RB tumor suppressor proteins and thus support the tumorous cell proliferation. Recently, HPV16-positivity has been routinely tested during diagnosis, and patients with HPV16 detected in the tumorous tissue are predicted to respond well to radiotherapy (de Abreu et al., 2018). Moreover, HPV-positive head and neck squamous cell carcinoma cases are less likely to develop PNI than HPV-negative cases (Zhang et al., 2019).
The association of HPV infection with other epigenetic factors has been determined in OSCC (Klussmann et al., 2009; Sartor et al., 2011; Jithesh et al., 2013). Downregulation of methylation in CCNA1 promotor was found in HPV-positive patients with OSCC (Sartor et al., 2011). On the contrary, hypermethylation was proven in CCNA1, DCC, TIMP3, EYA4, and WT1 genes in HPV-positive OSCC (Viet and Schmidt, 2008; Arantes et al., 2015). The methylation status of the HOXA9 gene, encoding a homeobox protein, could even serve as a biomarker for early detection of usually HPV-negative OSCC (Guerrero-Preston et al., 2011). We also found other robustly methylated regions, specific for HPV + OPSCC, such as KCNA3, EMBP1, CCDC181, DPP4, ITGA4, BEND4, ELMO1, SFMBT2, C1QL3, MIR129-2, NID2, HOXB4, ZNF439, ZNF93, VSTM2B, ZNF137P, and ZNF773 (Ren et al., 2018). We have demonstrated the link between the abundant DNA methylation, chromatin modifications, and gene expression for this disease (Guo et al., 2017; Ando et al., 2019; Guo et al., 2020). Moreover, our recent work demonstrated that HPV causes epigenetic deformation at the site of viral integration into the host genome (Kelley et al., 2017). Based on these observations, it was proposed that viral-related tumors have different epigenetic patterns than chemical-related tumors and healthy patients (Faraji et al., 2018).
7 POSSIBLE THERAPEUTIC TARGETS AND RECENT CLINICAL TRIALS
Perineural invasion is widely regarded as an indicator of poor prognosis in oral cancer patients. It significantly correlates with aggressiveness of tumor, disease recurrence, and increased morbidity and mortality. Radiation is usually indicated for patients with head and neck SCC with PNI after resection as adjuvant therapy (Bakst et al., 2019; Bur et al., 2016). Unfortunately, dose selection, risk of catastrophic failure, and possible toxicity to nearby physiological tissues make radiation not always beneficial for patients. Therefore, focusing on the molecular basis of perineural invasion and perineural spread and epigenetic mechanisms playing a role in PNI could enable us to target nerve invasion independently from cancer itself. Such therapy would broaden treatment options for neurotropic cancers. To date, there are no clinical trials focused on PNI; therefore, we summarize epigenetic approaches used in OSCC therapy in general.
As histones are found to be highly hyperacetylated in OSCC patient samples, this implicates a HAT inhibitor as a potential therapeutic molecule. Inhibition of HAT by small molecule inhibitor Hydrazinocurcumin (CTK7A) was proven to substantially reduce the xenografted oral tumor growth in mice (Arif et al., 2010). Also, Zebularine is an inhibitor of DNA methyltransferase, which seems to be effective in OSCC therapy (Jha et al., 2015). In combination with cisplatin, Zebularine promotes cell death via an apoptotic pathway. On the other hand, the combination of Zebularine with 5-fluorouracil minimized the efficiency of Zebularine (Suzuki et al., 2009). Another DNA methyltransferase inhibiting analog, Azacitidine, in combination with Cisplatin, has been used in clinical trials for patients with advanced lung or Head and Neck Cancer and recurrent or metastatic Squamous Cell Carcinoma of the Head and Neck. Unfortunately, both clinical studies have been terminated prematurely due to study enrollment issues (ClinicalTrials.gov Identifier: NCT00901537 and NCT00443261).
Also, histone deacetylase inhibition constitutes an attractive target for the therapy of OSCC. The main benefits of HDAC inhibition consist of promoting the tumor suppressor genes activity and preserving the loose structure of chromatin. One of the most promising results has been shown in a combination of HDAC inhibitor MS-275 with chemotherapeutic agent cisplatin, which leads to the inhibition of malignant tumor behavior (Sato et al., 2006). Furthermore, the treatment of OSCC cell lines by HDAC inhibitor Entinostat resulted in reduced proliferation followed by cell cycle arrest at the G0/G1 phase and substantial apoptosis induction (Marques et al., 2020). The recent study examined the antitumor activity of Apicidin in OSCC in murine models. Apicidin inhibited cell growth through HDAC8 inhibition in vitro and in vivo, indicating that Apicidin may be a new effective therapeutic agent for OSCC (Ahn, 2018).
miRNAs therapeutic approach also has an increased potential in oral cancer administration of the epigenetic profile (Wang and Wu, 2009). The traditional perspective involves introducing exogenous tumor suppressor sequences for their enhanced expression (Saito et al., 2006). Another approach could be to restore miRNAs expression that inhibits the aberrant activity of enzymes under normal conditions, e.g., DNA methyltransferase. The constant issue of this therapeutical approach consists of the non-specificity of these epigenetic modifier drugs because healthy cells could be affected, or previously suppressed oncogenic genes in tumor cells might be activated (Irimie et al., 2018).
8 CONCLUSION
Here, we summarized the association of epigenetic regulation of genes related to squamous cell carcinoma with special attention on perineural invasion from different points of view, including alterations of DNA and histones modification up to epigenetic factors such as alcohol, smoke, or HPV-positivity and their possible effect on these tumorous cells.
While previously, attention was mainly paid to epigenetic changes in HNSCC, their relation to the perineural invasion was at the edge of the attention. As there is a close relationship between perineural invasion and tumor invasiveness, inhibition of perineural invasion through regulation of epigenetic changes could open new avenues for effective cancer treatment in these patients.
AUTHOR CONTRIBUTIONS
Study design: ZC, MB, and EH. Original draft writing: PH, ZC, TS, JS, KST, DAG, MB, and EH. Final manuscript inspection: DAG, MB, and EH. All authors contributed to the article and approved the submitted version.
FUNDING
This research was supported by the Ministry of Health (NV19-08-00383) and by RVO FNO 2018. DG was supported by a Research Scholarship Grant, RSG-21-020-01-MPC from the American Cancer Society and by R01DE027809 from the National Institute of Health.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.848557/full#supplementary-material
REFERENCES
 Adhikari, B. R., Uehara, O., Matsuoka, H., Takai, R., Harada, F., Utsunomiya, M., et al. (2017). Immunohistochemical Evaluation of Klotho and DNA Methyltransferase 3a in Oral Squamous Cell Carcinomas. Med. Mol. Morphol. 50 (3), 155–160. doi:10.1007/s00795-017-0156-9
 Aggarwal, N., Yadav, J., Thakur, K., Bibban, R., Chhokar, A., Tripathi, T., et al. (2020). Human Papillomavirus Infection in Head and Neck Squamous Cell Carcinomas: Transcriptional Triggers and Changed Disease Patterns. Front. Cel. Infect. Microbiol. 10, 537650. doi:10.3389/fcimb.2020.537650
 Ahn, H., Yang, J. M., Kim, H., Chung, J. H., Ahn, S. H., Jeong, W. J., et al. (2017). Clinicopathologic Implications of the miR-197/PD-L1 axis in Oral Squamous Cell Carcinoma. Oncotarget 8 (39), 66178–66194. doi:10.18632/oncotarget.19842
 Ahn, M.-Y., and Yoon, J.-H. (2017). Histone Deacetylase 8 as a Novel Therapeutic Target in Oral Squamous Cell Carcinoma. Oncol. Rep. 37 (1), 540–546. doi:10.3892/or.2016.5280
 Ahn, M. Y. (2018). HDAC Inhibitor Apicidin Suppresses Murine Oral Squamous Cell Carcinoma Cell Growth In Vitro and In Vivo via Inhibiting HDAC8 Expression. Oncol. Lett. 16 (5), 6552–6560. doi:10.3892/ol.2018.9468
 Al Feghali, K. A., Ghanem, A. I., Burmeister, C., Chang, S. S., Ghanem, T., Keller, C., et al. (2019). Impact of Smoking on Pathological Features in Oral Cavity Squamous Cell Carcinoma. J. Cancer Res. Ther. 15 (3), 582–588. doi:10.4103/jcrt.JCRT_641_16
 Aller, M.-A., Arias, J.-I., and Arias, J. (2010). Pathological Axes of Wound Repair: Gastrulation Revisited. Theor. Biol. Med. Model. 7, 37. doi:10.1186/1742-4682-7-37
 Ando, M., Saito, Y., Xu, G., Bui, N. Q., Medetgul-Ernar, K., Pu, M., et al. (2019). Chromatin Dysregulation and DNA Methylation at Transcription Start Sites Associated with Transcriptional Repression in Cancers. Nat. Commun. 10 (1), 2188. doi:10.1038/s41467-019-09937-w
 Arantes, L. M. R. B., de Carvalho, A. C., Melendez, M. E., Centrone, C. C., Góis-Filho, J. F., Toporcov, T. N., et al. (2015). Validation of Methylation Markers for Diagnosis of Oral Cavity Cancer. Eur. J. Cancer 51 (5), 632–641. doi:10.1016/j.ejca.2015.01.060
 Arif, M., Vedamurthy, B. M., Choudhari, R., Ostwal, Y. B., Mantelingu, K., Kodaganur, G. S., et al. (2010). Nitric Oxide-Mediated Histone Hyperacetylation in Oral Cancer: Target for a Water-Soluble HAT Inhibitor, CTK7A. Chem. Biol. 17 (8), 903–913. doi:10.1016/j.chembiol.2010.06.014
 Augustin, J. G., Lepine, C., Morini, A., Brunet, A., Veyer, D., Brochard, C., et al. (2020). HPV Detection in Head and Neck Squamous Cell Carcinomas: What Is the Issue?Front. Oncol. 10, 1751. doi:10.3389/fonc.2020.01751
 Ayala, G. E., Dai, H., Powell, M., Li, R., Ding, Y., Wheeler, T. M., et al. (2008). Cancer-related Axonogenesis and Neurogenesis in Prostate Cancer. Clin. Cancer Res. 14 (23), 7593–7603. doi:10.1158/1078-0432.ccr-08-1164
 Azam, S. H., and Pecot, C. V. (2016). Cancer's Got Nerve: Schwann Cells Drive Perineural Invasion. J. Clin. Invest. 126 (4), 1242–1244. doi:10.1172/jci86801
 Baba, O., Hasegawa, S., Nagai, H., Uchida, F., Yamatoji, M., Kanno, N. I., et al. (2016). MicroRNA-155-5p Is Associated with Oral Squamous Cell Carcinoma Metastasis and Poor Prognosis. J. Oral Pathol. Med. 45 (4), 248–255. doi:10.1111/jop.12351
 Bagnardi, V., Blangiardo, M., La Vecchia, C., and Corrao, G. (2001). Alcohol Consumption and the Risk of Cancer: a Meta-Analysis. Alcohol. Res. Health 25 (4), 263–270.
 Bakst, R. L., Glastonbury, C. M., Parvathaneni, U., Katabi, N., Hu, K. S., and Yom, S. S. (2019). Perineural Invasion and Perineural Tumor Spread in Head and Neck Cancer. Int. J. Radiat. Oncology*Biology*Physics 103 (5), 1109–1124. doi:10.1016/j.ijrobp.2018.12.009
 Baumeister, P., Welz, C., Jacobi, C., and Reiter, M. (2018). Is Perineural Invasion of Head and Neck Squamous Cell Carcinomas Linked to Tobacco Consumption?Otolaryngol. Head Neck Surg. 158 (5), 878–881. doi:10.1177/0194599817750354
 Binmadi, N. O., and Basile, J. R. (2011). Perineural Invasion in Oral Squamous Cell Carcinoma: a Discussion of Significance and Review of the Literature. Oral Oncol. 47 (11), 1005–1010. doi:10.1016/j.oraloncology.2011.08.002
 Binmadi, N. O., Yang, Y.-H., Zhou, H., Proia, P., Lin, Y.-L., Batista De Paula, A. M., et al. (2012). RETRACTED: Plexin-B1 and Semaphorin 4D Cooperate to Promote Perineural Invasion in a RhoA/ROK-dependent Manner. Am. J. Pathol. 180 (3), 1232–1242. doi:10.1016/j.ajpath.2011.12.009
 Bockman, D. E., Büchler, M., and Beger, H. G. (1994). Interaction of Pancreatic Ductal Carcinoma with Nerves Leads to Nerve Damage. Gastroenterology 107 (1), 219–230. doi:10.1016/0016-5085(94)90080-9
 Booth, M. J., Raiber, E.-A., and Balasubramanian, S. (2015). Chemical Methods for Decoding Cytosine Modifications in DNA. Chem. Rev. , 115, 2240PMC4378238–2254. doi:10.1021/cr5002904
 Breitling, L. P., Yang, R., Korn, B., Burwinkel, B., and Brenner, H. (2011). Tobacco-smoking-related Differential DNA Methylation: 27K Discovery and Replication. Am. J. Hum. Genet. 88 (4), 450–457. doi:10.1016/j.ajhg.2011.03.003
 Brito, B. d. L., Lourenço, S. V., Damascena, A. S., Kowalski, L. P., Soares, F. A., and Coutinho-Camillo, C. M. (2016). Expression of Stem Cell-Regulating miRNAs in Oral Cavity and Oropharynx Squamous Cell Carcinoma. J. Oral Pathol. Med. 45 (9), 647–654. doi:10.1111/jop.12424
 Brunzell, D. H., Stafford, A. M., and Dixon, C. I. (2015). Nicotinic Receptor Contributions to Smoking: Insights from Human Studies and Animal Models. Curr. Addict. Rep. 2 (1), 33–46. doi:10.1007/s40429-015-0042-2
 Bur, A. M., Lin, A., and Weinstein, G. S. (2016). Adjuvant Radiotherapy for Early Head and Neck Squamous Cell Carcinoma with Perineural Invasion: A Systematic Review. Head Neck 38 Suppl 1 (Suppl. 1), E2350–E2357. doi:10.1002/hed.24295
 Caldemeyer, K. S., Mathews, V. P., Righi, P. D., and Smith, R. R. (1998). Imaging Features and Clinical Significance of Perineural Spread or Extension of Head and Neck Tumors. Radiographics 18 (1), 97–110. doi:10.1148/radiographics.18.1.9460111
 Cao, W., Feng, Z., Cui, Z., Zhang, C., Sun, Z., Mao, L., et al. (2012). Up-regulation of Enhancer of Zeste Homolog 2 Is Associated Positively with Cyclin D1 Overexpression and Poor Clinical Outcome in Head and Neck Squamous Cell Carcinoma. Cancer 118 (11), 2858–2871. doi:10.1002/cncr.26575
 Celentano, A., Yap, T., Paolini, R., Yiannis, C., Mirams, M., Koo, K., et al. (2021). Inhibition of Matrix Metalloproteinase‐2 Modulates Malignant Behaviour of Oral Squamous Cell Carcinoma Cells. J. Oral Pathol. Med. 50 (3), 323–332. doi:10.1111/jop.12992
 Centers for Disease Control and Prevention (2010). How Tobacco Smoke Causes Disease: The Biology and Behavioral Basis for Smoking-Attributable Disease: A Report of the Surgeon General. Atlanta (GA): Centers for Disease Control and Prevention. 
 Chang, H.-H., Chiang, C.-P., Hung, H.-C., Lin, C.-Y., Deng, Y.-T., and Kuo, M. Y.-P. (2009). Histone Deacetylase 2 Expression Predicts Poorer Prognosis in Oral Cancer Patients. Oral Oncol. 45 (7), 610–614. doi:10.1016/j.oraloncology.2008.08.011
 Chattopadhyay, I., Verma, M., and Panda, M. (2019). Role of Oral Microbiome Signatures in Diagnosis and Prognosis of Oral Cancer. Technol. Cancer Res. Treat. 18 (1), 1533033819867354–19. doi:10.1177/1533033819867354
 Chatzistefanou, I., Lubek, J., Markou, K., and Ord, R. A. (2017). The Role of Perineural Invasion in Treatment Decisions for Oral Cancer Patients: A Review of the Literature. J. Craniomaxillofac. Surg. 45 (6), 821–825. doi:10.1016/j.jcms.2017.02.022
 Chen, F., Qi, S., Zhang, X., Wu, J., Yang, X., and Wang, R. (2019). lncRNA PLAC2 Activated by H3K27 Acetylation Promotes Cell Proliferation and Invasion via the Activation of Wnt/β-catenin P-athway in O-ral S-quamous C-ell C-arcinoma. Int. J. Oncol. 54 (4), 1183–1194. doi:10.3892/ijo.2019.4707
 Chen, L.-H., Hsu, W.-L., Tseng, Y.-J., Liu, D.-W., and Weng, C.-F. (2016). Involvement of DNMT 3B Promotes Epithelial-Mesenchymal Transition and Gene Expression Profile of Invasive Head and Neck Squamous Cell Carcinomas Cell Lines. BMC Cancer 16, 431. doi:10.1186/s12885-016-2468-x
 Chen, W., Zhang, H.-L., Shao, X.-J., Jiang, Y.-G., Zhao, X.-G., Gao, X., et al. (2007). Gene Expression Profile of Salivary Adenoid Cystic Carcinoma Associated with Perineural Invasion. Tohoku J. Exp. Med. 212 (3), 319–334. doi:10.1620/tjem.212.319
 Chen, Y.-W., Kao, S.-Y., Wang, H.-J., and Yang, M.-H. (2013). Histone Modification Patterns Correlate with Patient Outcome in Oral Squamous Cell Carcinoma. Cancer 119 (24), 4259–4267. doi:10.1002/cncr.28356
 Chen, Y. L., Hu, C. M., Hsu, J. T., Chang, C. C., Huang, T. Y., Chiang, P. H., et al. (2018). Cellular 5-hydroxylmethylcytosine Content Determines Tumorigenic Potential and Prognosis of Pancreatic Ductal Adenocarcinoma. Am. J. Cancer Res. 8 (12), 2548–2563.
 Chernov, A. V., Sounni, N. E., Remacle, A. G., and Strongin, A. Y. (2009). Epigenetic Control of the Invasion-Promoting MT1-MMP/MMP-2/TIMP-2 axis in Cancer Cells. J. Biol. Chem. 284 (19), 12727–12734. doi:10.1074/jbc.m900273200
 Chou, S.-T., Peng, H.-Y., Mo, K.-C., Hsu, Y.-M., Wu, G.-H., Hsiao, J.-R., et al. (2019). MicroRNA-486-3p Functions as a Tumor Suppressor in Oral Cancer by Targeting DDR1. J. Exp. Clin. Cancer Res. 38 (1), 281. doi:10.1186/s13046-019-1283-z
 Choukrallah, M.-A., Sierro, N., Martin, F., Baumer, K., Thomas, J., Ouadi, S., et al. (2019). Tobacco Heating System 2.2 Has a Limited Impact on DNA Methylation of Candidate Enhancers in Mouse Lung Compared with Cigarette Smoke. Food Chem. Toxicol. 123, 501–510. doi:10.1016/j.fct.2018.11.020
 Clarke, T. L., Tang, R., Chakraborty, D., Van Rechem, C., Ji, F., Mishra, S., et al. (2020). Histone Lysine Methylation Dynamics ControlEGFRDNA Copy-Number Amplification. Cancer Discov. 10 (2), 306–325. doi:10.1158/2159-8290.cd-19-0463
 Colacino, J. A., Dolinoy, D. C., Duffy, S. A., Sartor, M. A., Chepeha, D. B., Bradford, C. R., et al. (2013). Comprehensive Analysis of DNA Methylation in Head and Neck Squamous Cell Carcinoma Indicates Differences by Survival and Clinicopathologic Characteristics. PLoS One 8 (1), e54742. doi:10.1371/journal.pone.0054742
 Coppedè, F., Lopomo, A., Spisni, R., and Migliore, L. (2014). Genetic and Epigenetic Biomarkers for Diagnosis, Prognosis and Treatment of Colorectal Cancer. Wjg 20 (4), 943–56. doi:10.3748/wjg.v20.i4.943
 D'Addario, C., Johansson, S., Candeletti, S., Romualdi, P., Ögren, S. O., Terenius, L., et al. (2011). Ethanol and Acetaldehyde Exposure Induces Specific Epigenetic Modifications in the Prodynorphin Gene Promoter in a Human Neuroblastoma Cell Line. FASEB j. 25 (3), 1069–1075. doi:10.1096/fj.10-168534
 Dauksa, A., Gulbinas, A., Barauskas, G., Pundzius, J., Oldenburg, J., and El-Maarri, O. (2012). Whole Blood DNA Aberrant Methylation in Pancreatic Adenocarcinoma Shows Association with the Course of the Disease: a Pilot Study. PLoS One 7 (5), e37509. doi:10.1371/journal.pone.0037509
 de Abreu, P. M., Có, A. C. G., Azevedo, P. L., do Valle, I. B., de Oliveira, K. G., Gouvea, S. A., et al. (2018). Frequency of HPV in Oral Cavity Squamous Cell Carcinoma. BMC Cancer 18 (1), 324. doi:10.1186/s12885-018-4247-3
 Deborde, S., and Wong, R. J. (2017). How Schwann Cells Facilitate Cancer Progression in Nerves. Cell. Mol. Life Sci. 74 (24), 4405–4420. doi:10.1007/s00018-017-2578-x
 Deepak Roshan, V. G., Sinto, M. S., Vargees, B. T., and Kannan, S. (2019). Loss of CDKN2A and CDKN2B Expression Is Associated with Disease Recurrence in Oral Cancer. J. Oral Maxillofac. Pathol. 23 (1), 82–89. doi:10.4103/jomfp.JOMFP_184_18
 Degli Esposti, D., Sklias, A., Lima, S. C., Beghelli-de la Forest Divonne, S., Cahais, V., Fernandez-Jimenez, N., et al. (2017). Unique DNA Methylation Signature in HPV-Positive Head and Neck Squamous Cell Carcinomas. Genome Med. 9 (1), 33. doi:10.1186/s13073-017-0419-z
 Fagan, J. J., Collins, B., Barnes, L., D'Amico, F., Myers, E. N., and Johnson, J. T. (1998). Perineural Invasion in Squamous Cell Carcinoma of the Head and Neck. Arch. Otolaryngol. Head Neck Surg. 124, 637–40. doi:10.1001/archotol.124.6.637
 Faraji, F., Schubert, A. D., Kagohara, L. T., Tan, M., Xu, Y., Zaidi, M., et al. (2018). “The Genome-wide Molecular Landscape of HPV-Driven and HPV-Negative Head and Neck Squamous Cell Carcinoma,” in Molecular Determinants of Head and Neck Cancer. 2018. Current Cancer Research ed . Editors B. Burtness, and E. Golemis (Cham: Humana Press).
 Feng, B., Wang, K., Herpel, E., Plath, M., Weichert, W., Freier, K., et al. (2021). Prognostic Gene Signature for Squamous Cell Carcinoma with a Higher Risk for Treatment Failure and Accelerated MEK-ERK Pathway Activity. Cancers 13 (20), 5182. doi:10.3390/cancers13205182
 Feng, Y.-H., and Tsao, C.-J. (2016). Emerging Role of microRNA-21 in Cancer. Biomed. Rep. 5 (4), 395–402. doi:10.3892/br.2016.747
 Franz, M., Wolheim, A., Richter, P., Umbreit, C., Dahse, R., Driemel, O., et al. (2010). Stromal Laminin Chain Distribution in normal, Hyperplastic and Malignant Oral Mucosa: Relation to Myofibroblast Occurrence and Vessel Formation. J. Oral Pathol. Med. 39 (4), 290–8. doi:10.1111/j.1600-0714.2009.00840.x
 Fujimoto, M., Kitazawa, R., Maeda, S., and Kitazawa, S. (2005). Methylation Adjacent to Negatively Regulating AP-1 Site Reactivates TrkA Gene Expression during Cancer Progression. Oncogene 24 (32), 5108–5118. doi:10.1038/sj.onc.1208697
 Fukada, M., Matsuhashi, N., Takahashi, T., Sugito, N., Heishima, K., Akao, Y., et al. (2020). Tumor Tissue MIR92a and Plasma MIRs21 and 29a as Predictive Biomarkers Associated with Clinicopathological Features and Surgical Resection in a Prospective Study on Colorectal Cancer Patients. Jcm 9 (8), 2509. doi:10.3390/jcm9082509
 Gao, F., Griffin, N., Faulkner, S., Rowe, C. W., Williams, L., Roselli, S., et al. (2018). The Neurotrophic Tyrosine Kinase Receptor TrkA and its Ligand NGF Are Increased in Squamous Cell Carcinomas of the Lung. Sci. Rep. 8 (1), 8135. doi:10.1038/s41598-018-26408-2
 Gao, F., Huang, C., Lin, M., Wang, Z., Shen, J., Zhang, H., et al. (2009). Frequent Inactivation of RUNX3 by Promoter Hypermethylation and Protein Mislocalization in Oral Squamous Cell Carcinomas. J. Cancer Res. Clin. Oncol. 135 (5), 739–747. doi:10.1007/s00432-008-0508-x
 Gao, W. Y., Yang, G., Wang, J., He, J. M., and Wang, P. (2020). CSN6 Promotes Malignant Progression of Oral Squamous Cell Carcinoma by Down-Regulating TIMP-2. Eur. Rev. Med. Pharmacol. Sci. 24 (10), 5419–5428. doi:10.26355/eurrev_202005_21326
 Gaździcka, J., Gołąbek, K., Strzelczyk, J. K., and Ostrowska, Z. (2020). Epigenetic Modifications in Head and Neck Cancer. Biochem. Genet. 58 (2), 213–244. doi:10.1007/s10528-019-09941-1
 Ge, M. H., Chen, C., Xu, J. J., and Ling, Z. Q. (2011). Unfavorable Clinical Implications for Hypermethylation of RUNX3 in Patients with Salivary Gland Adenoid Cystic Carcinoma. Oncol. Rep. 26 (2), 349–57. doi:10.3892/or.2011.1282
 Gentilini, F., Capitani, O., Tinto, D., Rigillo, A., Sabattini, S., Bettini, G., et al. (2020). Assessment of PDGFRβ Promoter Methylation in Canine Osteosarcoma Using Methylation‐sensitive High‐resolution Melting Analysis. Vet. Comp. Oncol. 18 (4), 484–493. doi:10.1111/vco.12567
 Geybels, M. S., Fang, M., Wright, J. L., Qu, X., Bibikova, M., Klotzle, B., et al. (2017). PTEN Loss Is Associated with Prostate Cancer Recurrence and Alterations in Tumor DNA Methylation Profiles. Oncotarget 8 (48), 84338–84348. doi:10.18632/oncotarget.20940
 Ghantous, Y., Schussel, J. L., and Brait, M. (2018). Tobacco and Alcohol-Induced Epigenetic Changes in Oral Carcinoma. Curr. Opin. Oncol. 30 (3), 152–158. doi:10.1097/cco.0000000000000444
 Gil, Z., Carlson, D. L., Gupta, A., Lee, N., Hoppe, B., Shah, J. P., et al. (2009). Patterns and Incidence of Neural Invasion in Patients with Cancers of the Paranasal Sinuses. Arch. Otolaryngol. Head Neck Surg. 135 (2), 173–9. doi:10.1001/archoto.2008.525
 Gil, Z., Cavel, O., Kelly, K., Brader, P., Rein, A., Gao, S. P., et al. (2010). Paracrine Regulation of Pancreatic Cancer Cell Invasion by Peripheral Nerves. J. Natl. Cancer Inst. 102 (2), 107–118. doi:10.1093/jnci/djp456
 Gillison, M. L., Akagi, K., Xiao, W., Jiang, B., Pickard, R. K. L., Li, J., et al. (2019). Human Papillomavirus and the Landscape of Secondary Genetic Alterations in Oral Cancers. Genome Res. 29 (1), 1–17. doi:10.1101/gr.241141.118
 Guerrero-Preston, R., Soudry, E., Acero, J., Orera, M., Moreno-López, L., Macía-Colón, G., et al. (2011). NID2 and HOXA9 Promoter Hypermethylation as Biomarkers for Prevention and Early Detection in Oral Cavity Squamous Cell Carcinoma Tissues and Saliva. Cancer Prev. Res. 4 (7), 1061–1072. doi:10.1158/1940-6207.capr-11-0006
 Guida, F., Sandanger, T. M., Castagné, R., Campanella, G., Polidoro, S., Palli, D., et al. (2015). Dynamics of Smoking-Induced Genome-wide Methylation Changes with Time since Smoking Cessation. Hum. Mol. Genet. 24 (8), 2349–2359. doi:10.1093/hmg/ddu751
 Guo, M., Peng, Y., Gao, A., Du, C., and Herman, J. G. (2019). Epigenetic Heterogeneity in Cancer. Biomark Res. 7, 23. doi:10.1186/s40364-019-0174-y
 Guo, Q., Song, Y., Zhang, H., Wu, X., Xia, P., and Dang, C. (2013). Detection of Hypermethylated Fibrillin-1 in the Stool Samples of Colorectal Cancer Patients. Med. Oncol. 30 (4), 695. doi:10.1007/s12032-013-0695-4
 Guo, Q., Wu, Y., Guo, X., Cao, L., Xu, F., Zhao, H., et al. (2021). The RNA-Binding Protein CELF2 Inhibits Ovarian Cancer Progression by Stabilizing FAM198B. Mol. Ther. - Nucleic Acids 23, 169–184. doi:10.1016/j.omtn.2020.10.011
 Guo, T., Sakai, A., Afsari, B., Considine, M., Danilova, L., Favorov, A. V., et al. (2017). A Novel Functional Splice Variant of AKT3 Defined by Analysis of Alternative Splice Expression in HPV-Positive Oropharyngeal Cancers. Cancer Res. 77 (19), 5248–5258. doi:10.1158/0008-5472.can-16-3106
 Guo, T., Zambo, K. D. A., Zamuner, F. T., Ou, T., Hopkins, C., Kelley, D. Z., et al. (2020). Chromatin Structure Regulates Cancer-specific Alternative Splicing Events in Primary HPV-Related Oropharyngeal Squamous Cell Carcinoma. Epigenetics 15 (9), 959–971. doi:10.1080/15592294.2020.1741757
 Hadley, M., Noonepalle, S., Banik, D., and Villagra, A. (2019). “Functional Analysis of HDACs in Tumorigenesis,” in Protein Acetylatio Methods in Molecular Biology ed . Editor R. BroshJr. (New York, NY: Humana), 1983. doi:10.1007/978-1-4939-9434-2_17
 Hedbäck, N., Jensen, D. H., Specht, L., Fiehn, A.-M. K., Therkildsen, M. H., Friis-Hansen, L., et al. (2014). MiR-21 Expression in the Tumor Stroma of Oral Squamous Cell Carcinoma: an Independent Biomarker of Disease Free Survival. PLoS One 9 (4), e95193. doi:10.1371/journal.pone.0095193
 Hema, K., Smitha, T., Sheethal, H., and Mirnalini, S. (2017). Epigenetics in Oral Squamous Cell Carcinoma. J. Oral Maxillofac. Pathol. 21 (2), 252–259. doi:10.4103/jomfp.jomfp_150_17
 Hervás-Marín, D., Higgins, F., Sanmartín, O., López-Guerrero, J. A., Bañó, M. C., Igual, J. C., et al. (2019). Genome Wide DNA Methylation Profiling Identifies Specific Epigenetic Features in High-Risk Cutaneous Squamous Cell Carcinoma. PLoS One 14 (12), e0223341. doi:10.1371/journal.pone.0223341
 Hu, S., Wang, H., and Yan, D. (2018a) Loss of miR-16 Contributes to Tumor Progression by Activation of Tousled-like Kinase 1 in Oral Squamous Cell Carcinoma. Cell Cycle 17:2284–2295.doi:10.1080/15384101.2018.1526601
 Huang, S. F., Cheng, S. D., Chien, H. T., Liao, C. T., Chen, I. H., Wang, H. M., et al. (2012). Relationship between Epidermal Growth Factor Receptor Gene Copy Number and Protein Expression in Oral Cavity Squamous Cell Carcinoma. Oral Oncol. 48 (1), 67–72. doi:10.1016/j.oraloncology.2011.06.511
 Huang, W., Li, G., Wang, Z., Zhou, L., Yin, X., Yang, T., et al. (2021). A Ten-N6-Methyladenosine (m6A)-Modified Gene Signature Based on a Risk Score System Predicts Patient Prognosis in Rectum Adenocarcinoma. Front. Oncol. 10, 567931. doi:10.3389/fonc.2020.567931
 Hübbers, C. U., and Akgül, B. (2015). HPV and Cancer of the Oral Cavity. Virulence 6 (3), 244–8. doi:10.1080/21505594.2014.999570
 Irimie, A. I., Ciocan, C., Gulei, D., Mehterov, N., Atanasov, A. G., Dudea, D., et al. (2018). Current Insights into Oral Cancer Epigenetics. Int. J. Mol. Sci. 19 (3), 670. doi:10.3390/ijms19030670
 Ito, S., Shen, L., Dai, Q., Wu, S. C., Collins, L. B., Swenberg, J. A., et al. (2011). Tet Proteins Can Convert 5-methylcytosine to 5-formylcytosine and 5-carboxylcytosine. Science 333 (6047), 1300–3. doi:10.1126/science.1210597
 Iwahashi, N., Nagasaka, T., Tezel, G., Iwashita, T., Asai, N., Murakumo, Y., et al. (2002). Expression of Glial Cell Line-Derived Neurotrophic Factor Correlates with Perineural Invasion of Bile Duct Carcinoma. Cancer 94 (1), 167–74. doi:10.1002/cncr.10169
 Jaber, M. A., Porter, S. R., Gilthorpe, M. S., Bedi, R., and Scully, C. (1999). Risk Factors for Oral Epithelial Dysplasia-Tthe Role of Smoking and Alcohol. Oral Oncol. 35 (2), 151–6. doi:10.1016/s1368-8375(98)00106-7
 Jardim, J. F., Francisco, A. L., Gondak, R., Damascena, A., and Kowalski, L. P. (2015). Prognostic Impact of Perineural Invasion and Lymphovascular Invasion in Advanced Stage Oral Squamous Cell Carcinoma. Int. J. Oral Maxillofac. Surg. 44 (1), 23–8. doi:10.1016/j.ijom.2014.10.006
 Jäwert, F., Hasséus, B., Kjeller, G., Magnusson, B., Sand, L., and Larsson, L. (2013). Loss of 5-hydroxymethylcytosine and TET2 in Oral Squamous Cell Carcinoma. Anticancer Res. 33 (10), 4325–8.
 Jha, M., Aggarwal, R., Jha, A. K., and Shrivastava, A. (2015). Natural Compounds: DNA Methyltransferase Inhibitors in Oral Squamous Cell Carcinoma. Appl. Biochem. Biotechnol. 177 (3), 577–94. doi:10.1007/s12010-015-1768-y
 Jiang, C., Liu, F., Xiao, S., He, L., Wu, W., and Zhao, Q. (2021). miR-29a-3p Enhances the Radiosensitivity of Oral Squamous Cell Carcinoma Cells by Inhibiting ADAM12. Eur. J. Histochem. 65 (3), 3295. doi:10.4081/ejh.2021.3295
 Jiang, X., Wu, J., Wang, J., and Huang, R. (2019). Tobacco and Oral Squamous Cell Carcinoma: A Review of Carcinogenic Pathways. Tob. Induc Dis. 17, 29. doi:10.18332/tid/105844
 Jithesh, P. V., Risk, J. M., Schache, A. G., Dhanda, J., Lane, B., Liloglou, T., et al. (2013). The Epigenetic Landscape of Oral Squamous Cell Carcinoma. Br. J. Cancer 108, 370–379. doi:10.1038/bjc.2012.568
 Johnson, N. W., Jayasekara, P., and Amarasinghe, A. A. (2011). Squamous Cell Carcinoma and Precursor Lesions of the Oral Cavity: Epidemiology and Aetiology. Periodontol 57 (1), 19–37. doi:10.1111/j.1600-0757.2011.00401.x
 Jonas, S., and Izaurralde, E. (2015). Towards a Molecular Understanding of microRNA-Mediated Gene Silencing. Nat. Rev. Genet. 16 (7), 421–33. doi:10.1038/nrg3965
 Kartha, V. K., Stawski, L., Han, R., Haines, P., Gallagher, G., Noonan, V., et al. (2016). PDGFRβ Is a Novel Marker of Stromal Activation in Oral Squamous Cell Carcinomas. PLoS One 11 (4), e0154645. doi:10.1371/journal.pone.0154645
 Kelley, D. Z., Flam, E. L., Izumchenko, E., Danilova, L. V., Wulf, H. A., Guo, T., et al. (2017). Integrated Analysis of Whole-Genome ChIP-Seq and RNA-Seq Data of Primary Head and Neck Tumor Samples Associates HPV Integration Sites with Open Chromatin Marks. Cancer Res. 77 (23), 6538–6550. doi:10.1158/0008-5472.can-17-0833
 Kim, S. H., Kim, S. H., Joung, J. Y., Lee, G. K., Hong, E. K., Kang, K. M., et al. (2015). Overexpression of ERG and Wild-type PTEN Are Associated with Favorable Clinical Prognosis and Low Biochemical Recurrence in Prostate Cancer. PLoS One 10 (4), e0122498. doi:10.1371/journal.pone.0122498
 Kim, S. Y., Han, Y. K., Song, J. M., Lee, C. H., Kang, K., Yi, J. M., et al. (2019). Aberrantly Hypermethylated Tumor Suppressor Genes Were Identified in Oral Squamous Cell Carcinoma (OSCC). Clin. Epigenetics 11 (1), 116. doi:10.1186/s13148-019-0715-0
 Kinross, J., Mirnezami, R., Alexander, J., Brown, R., Scott, A., Galea, D., et al. (2017). A Prospective Analysis of Mucosal Microbiome-Metabonome Interactions in Colorectal Cancer Using a Combined MAS 1HNMR and Metataxonomic Strategy. Sci. Rep. 7 (1), 8979. doi:10.1038/s41598-017-08150-3
 Klussmann, J. P., Mooren, J. J., Lehnen, M., Claessen, S. M., Stenner, M., Huebbers, C. U., et al. (2009). Genetic Signatures of HPV-Related and Unrelated Oropharyngeal Carcinoma and Their Prognostic Implications. Clin. Cancer Res. 15 (5), 1779–86. doi:10.1158/1078-0432.ccr-08-1463
 Ko, M., An, J., Pastor, W. A., Koralov, S. B., Rajewsky, K., and Rao, A. (2015). TET Proteins and 5-methylcytosine Oxidation in Hematological Cancers. Immunol. Rev. 263 (1), 6–21. doi:10.1111/imr.12239
 Kolenda, T., Guglas, K., Teresiak, A., Bliźniak, R., and Lamperska, K. (2019). Low Let-7d and High miR-205 Expression Levels Positively Influence HNSCC Patient Outcome. J. Biomed. Sci. 26 (1), 17. doi:10.1186/s12929-019-0511-3
 Koo, K., Mouradov, D., Angel, C. M., Iseli, T. A., Wiesenfeld, D., McCullough, M. J., et al. (2021). Genomic Signature of Oral Squamous Cell Carcinomas from Non-smoking Non-drinking Patients. Cancers (Basel). 13 (5), 1029. doi:10.3390/cancers13051029
 Kreimer, A. R., Chaturvedi, A. K., Alemany, L., Anantharaman, D., Bray, F., Carrington, M., et al. (2020). Summary from an International Cancer Seminar Focused on Human Papillomavirus (HPV)-positive Oropharynx Cancer, Convened by Scientists at IARC and NCI. Oral Oncol. 108, 104736. doi:10.1016/j.oraloncology.2020.104736
 Kumar, R., Rai, A. K., Das, D., Das, R., Kumar, R. S., Sarma, A., et al. (2015). Alcohol and Tobacco Increases Risk of High Risk HPV Infection in Head and Neck Cancer Patients: Study from North-East Region of India. PLoS One 10 (10), e0140700. doi:10.1371/journal.pone.0140700
 Kumari, K., Das, B., Adhya, A. K., Rath, A. K., and Mishra, S. K. (2019). Genome-wide Expression Analysis Reveals Six Contravened Targets of EZH2 Associated with Breast Cancer Patient Survival. Scientific Rep. 9, 1974. doi:10.1038/s41598-019-39122-4
 Kurtz, K. A., Hoffman, H. T., Zimmerman, M. B., and Robinson, R. A. (2005). Perineural and Vascular Invasion in Oral Cavity Squamous Carcinoma: Increased Incidence on Re-review of Slides and by Using Immunohistochemical Enhancement. Arch. Pathol. Lab. Med. 129 (3), 354–9. doi:10.5858/2005-129-354-paviio
 La Rosa, G. R. M., Gattuso, G., Pedullà, E., Rapisarda, E., Nicolosi, D., and Salmeri, M. (2020). Association of Oral Dysbiosis with Oral Cancer Development. Oncol. Lett. 19 (4), 3045–3058. doi:10.3892/ol.2020.11441
 Larsen, S. R., Johansen, J., Sørensen, J. A., and Krogdahl, A. (2009). The Prognostic Significance of Histological Features in Oral Squamous Cell Carcinoma. J. Oral Pathol. Med. 38 (8), 657–62. doi:10.1111/j.1600-0714.2009.00797.x
 Lee, K. W., and Pausova, Z. (2013). Cigarette Smoking and DNA Methylation. Front. Genet. 4, 132. doi:10.3389/fgene.2013.00132
 Lee, L. Y., De Paz, D., Lin, C. Y., Fan, K. H., Wang, H. M., Hsieh, C. H., et al. (2019). Prognostic Impact of Extratumoral Perineural Invasion in Patients with Oral Cavity Squamous Cell Carcinoma. Cancer Med. 8 (14), 6185–6194. doi:10.1002/cam4.2392
 Lenz, B., Klafki, H. W., Hillemacher, T., Killisch, N., Schaller, G., Frieling, H., et al. (2010). Smoking Behaviour Is Associated with Expression and Phosphorylation of CREB in Human Buffy Coat. Int. J. Neuropsychopharmacol. 13 (2), 207–15. doi:10.1017/S1461145709991052
 Li, D., Bai, Y., Feng, Z., Li, W., Yang, C., Guo, Y., et al. (2019). Study of Promoter Methylation Patterns of HOXA2, HOXA5, and HOXA6 and its Clinicopathological Characteristics in Colorectal Cancer. Front. Oncol. 9, 394. doi:10.3389/fonc.2019.00394
 Li, E., and Zhang, Y. (2014). DNA Methylation in Mammals. Cold Spring Harb Perspect. Biol. 6 (5), a019133. doi:10.1101/cshperspect.a019133
 Li, G., Li, X., Yang, M., Xu, L., Deng, S., and Ran, L. (2017). Prediction of Biomarkers of Oral Squamous Cell Carcinoma Using Microarray Technology. Sci. Rep. 7, 42105. doi:10.1038/srep42105
 Li, H., Wang, X., Zhang, M., Wang, M., Zhang, J., and Ma, S. (2021). Identification of HOXA1 as a Novel Biomarker in Prognosis of Head and Neck Squamous Cell Carcinoma. Front. Mol. Biosci. 7, 602068. doi:10.3389/fmolb.2020.602068
 Li, Y., Mao, Y., Zhang, Y., Cai, S., Chen, G., Ding, Y., et al. (2014). Alcohol Drinking and Upper Aerodigestive Tract Cancer Mortality: A Systematic Review and Meta-Analysis. Oral Oncol. doi:10.1016/j.oraloncology.2013.12.015
 Liebig, C., Ayala, G., Wilks, J., Verstovsek, G., Liu, H., Agarwal, N., et al. (2009a). Perineural Invasion Is an Independent Predictor of Outcome in Colorectal Cancer. J. Clin. Oncol. 27 (31), 5131–7. doi:10.1200/jco.2009.22.4949
 Liebig, C., Ayala, G., Wilks, J. A., Berger, D. H., and Albo, D. (2009b). Perineural Invasion in Cancer: a Review of the Literature. Cancer 115 (15), 3379–91. doi:10.1002/cncr.24396
 Lin, L. H., Lin, J. S., Yang, C. C., Cheng, H. W., Chang, K. W., and Liu, C. J. (2020a). Overexpression of Platelet-Derived Growth Factor and its Receptor Are Correlated with Oral Tumorigenesis and Poor Prognosis in Oral Squamous Cell Carcinoma. Int. J. Mol. Sci. 21 (7), 2360. doi:10.3390/ijms21072360
 Lin, .P, Tian, P., Pang, J., Lai, L., He, G., Song, Y., et al. (2020b). Clinical Significance of COL1A1 and COL1A2 Expression Levels in Hypopharyngeal Squamous Cell Carcinoma. Oncol Lett 20 (1), 803–809. doi:10.3892/ol.2020.11594
 Liu, D., Song, L., Dai, Z., Guan, H., Kang, H., Zhang, Y., et al. (2018). MiR-429 Suppresses Neurotrophin-3 to Alleviate Perineural Invasion of Pancreatic Cancer. Biochem. Biophys. Res. Commun. 505 (4), 1077–1083. doi:10.1016/j.bbrc.2018.09.147
 Liu, S., de Medeiros, M. C., Fernandez, E. M., Zarins, K. R., Cavalcante, R. G., Qin, T., et al. (2020). 5-Hydroxymethylation Highlights the Heterogeneity in Keratinization and Cell Junctions in Head and Neck Cancers. Clin. Epigenetics 12 (1), 175. doi:10.1186/s13148-020-00965-8
 Liu, Y., Chen, H., Sun, Z., and Chen, X. (2015). Molecular Mechanisms of Ethanol-Associated Oro-Esophageal Squamous Cell Carcinoma. Cancer Lett. 361 (2), 164–73. doi:10.1016/j.canlet.2015.03.006
 Lleras, R. A., Smith, R. V., Adrien, L. R., Schlecht, N. F., Burk, R. D., Harris, T. M., et al. (2013). Unique DNA Methylation Loci Distinguish Anatomic Site and HPV Status in Head and Neck Squamous Cell Carcinoma. Clin. Cancer Res. 19 (19), 5444–55. doi:10.1158/1078-0432.ccr-12-3280
 Llewelyn, J., and Smoking, Mitchell. R. (1994). Alcohol and Oral Cancer in South East Scotland: a 10-year Experience. Br. J. Oral Maxillofac. Surg. 32 (3), 146–152. doi:10.1016/0266-4356(94)90098-1
 Ma, K. H., Hung, H. A., and Svaren, J. (2016). Epigenomic Regulation of Schwann Cell Reprogramming in Peripheral Nerve Injury. J. Neurosci. 36 (35), 9135–47. doi:10.1523/jneurosci.1370-16.2016
 Mahmood, N., Hanif, M., Ahmed, A., Jamal, Q., Mushtaq, S., Khan, A., et al. (2019). Circulating miR-21 as a Prognostic and Predictive Biomarker in Oral Squamous Cell Carcinoma. Pak J. Med. Sci. 35 (5), 1408–1412. doi:10.12669/pjms.35.5.331
 Marques, A. E. M., do Nascimento Filho, C. H. V., Marinho Bezerra, T. M., Guerra, E. N. S., Castilho, R. M., and Squarize, C. H. (2020). Entinostat Is a Novel Therapeutic Agent to Treat Oral Squamous Cell Carcinoma. J. Oral Pathol. Med. 49 (8), 771–779. doi:10.1111/jop.13039
 Mascolo, M., Siano, M., Ilardi, G., Russo, D., Merolla, F., De Rosa, G., et al. (2012). Epigenetic Disregulation in Oral Cancer. Int. J. Mol. Sci. 13 (2), 2331–53. doi:10.3390/ijms13022331
 Mello, F. W., Melo, G., Pasetto, J. J., Silva, C. A. B., Warnakulasuriya, S., and Rivero, E. R. C. (2019). The Synergistic Effect of Tobacco and Alcohol Consumption on Oral Squamous Cell Carcinoma: a Systematic Review and Meta-Analysis. Clin. Oral Investig. 23 (7), 2849–2859. doi:10.1007/s00784-019-02958-1
 Menbari, M. N., Rahimi, K., Ahmadi, A., Mohammadi-Yegane, S., Elyasi, A., Darvishi, N., et al. (2020). Association of HDAC8 Expression with Pathological Findings in Triple Negative and Non-triple Negative Breast Cancer: Implications for Diagnosis. Iran Biomed. J. 24 (5), 288–94. doi:10.29252/ibj.24.5.283
 Mendaza, S., Ulazia-Garmendia, A., Monreal-Santesteban, I., Córdoba, A., Azúa, Y. R., Aguiar, B., et al. (2020). ADAM12 Is A Potential Therapeutic Target Regulated by Hypomethylation in Triple-Negative Breast Cancer. Int. J. Mol. Sci. 21 (3), 903. doi:10.3390/ijms21030903
 Miller, C. S., and Johnstone, B. M. (2001). Human Papillomavirus as a Risk Factor for Oral Squamous Cell Carcinoma: a Meta-Analysis, 1982-1997. Oral Surg. Oral Med. Oral Pathol. Oral Radiol. Endod. 91 (6), 622–35. doi:10.1067/moe.2001.115392
 Misawa, K., Imai, A., Mochizuki, D., Mima, M., Endo, S., Misawa, Y., et al. (2018). Association of TET3 Epigenetic Inactivation with Head and Neck Cancer. Oncotarget 9 (36), 24480–24493. doi:10.18632/oncotarget.25333
 Misawa, K., Kanazawa, T., Misawa, Y., Imai, A., Endo, S., Hakamada, K., et al. (2011-2012). Hypermethylation of Collagen α2 (I) Gene (COL1A2) Is an Independent Predictor of Survival in Head and Neck Cancer. Cancer Biomark 10 (3-4), 135–44. doi:10.3233/CBM-2012-0242
 Misawa, K., Mochizuki, D., Imai, A., Endo, S., Mima, M., Misawa, Y., et al. (2016). Prognostic Value of Aberrant Promoter Hypermethylation of Tumor-Related Genes in Early-Stage Head and Neck Cancer. Oncotarget 7 (18), 26087–98. doi:10.18632/oncotarget.8317
 Morse, D. E., Psoter, W. J., Cleveland, D., Cohen, D., Mohit-Tabatabai, M., Kosis, D. L., et al. (2007). Smoking and Drinking in Relation to Oral Cancer and Oral Epithelial Dysplasia. Cancer Causes Control 18, 919–929. doi:10.1007/s10552-007-9026-4
 Narasimhan, N. S., and Narasimhan, N. M. (2018). The Emerging Role of MicroRNA21 in Oral Cancer. Biomed. Pharmacol. J. 11 (4). doi:10.13005/bpj/1569
 O'Brien, C. J., Lahr, C. J., Soong, S. J., Gandour, M. J., Jones, J. M., Urist, M. M., et al. (1986). Surgical Treatment of Early-Stage Carcinoma of the Oral Tongue-Wwound Adjuvant Treatment Be Beneficial?Head Neck Surg. 8 (6), 401–8. doi:10.1002/hed.2890080603
 Ondruschka, C., Buhtz, P., Motsch, C., Freigang, B., Schneider-Stock, R., Roessner, A., et al. (2002). Prognostic Value of MMP-2, -9 and TIMP-1,-2 Immunoreactive Protein at the Invasive Front in Advanced Head and Neck Squamous Cell Carcinomas. Pathol. Res. Pract. 198 (8), 509–15. doi:10.1078/s0344-0338(04)70292-7
 Otálora-Otálora, B. A., Henríquez, B., López-Kleine, L., and Rojas, A. (2019). RUNX Family: Oncogenes or Tumor Suppressors (Review). Oncol. Rep. 42 (1), 3–19. doi:10.3892/or.2019.7149
 Park, J. S., Park, Y. N., Lee, K. Y., Kim, J. K., and Yoon, D. S. (2013). P16 Hypermethylation Predicts Surgical Outcome Following Curative Resection of Mid/distal Bile Duct Cancer. Ann. Surg. Oncol. 20 (8), 2511–7. doi:10.1245/s10434-013-2908-7
 Peng, S. Y., Tu, H. F., Yang, C. C., Wu, C. H., Liu, C. J., Chang, K. W., et al. (2018). miR-134 Targets PDCD7 to Reduce E-Cadherin Expression and Enhance Oral Cancer Progression. Int. J. Cancer 143 (11), 2892–2904. doi:10.1002/ijc.31638
 Piqué, L., Martinez de Paz, A., Piñeyro, D., Martínez-Cardús, A., Castro de Moura, M., Llinàs-Arias, P., et al. (2019). Epigenetic Inactivation of the Splicing RNA-Binding Protein CELF2 in Human Breast Cancer. Oncogene 38 (45), 7106–7112. doi:10.1038/s41388-019-0936-x
 Prueitt, R. L., Yi, M., Hudson, R. S., Wallace, T. A., Howe, T. M., Yfantis, H. G., et al. (2008). Expression of microRNAs and Protein-Coding Genes Associated with Perineural Invasion in Prostate Cancer. Prostate 68 (11), 1152–64. doi:10.1002/pros.20786
 Pulukuri, S. M., Patibandla, S., Patel, J., Estes, N., and Rao, J. S. (2007). Epigenetic Inactivation of the Tissue Inhibitor of Metalloproteinase-2 (TIMP-2) Gene in Human Prostate Tumors. Oncogene 26 (36), 5229–37. doi:10.1038/sj.onc.1210329
 Puram, S. V., Tirosh, I., Parikh, A. S., Patel, A. P., Yizhak, K., Gillespie, S., et al. (2017). Single-Cell Transcriptomic Analysis of Primary and Metastatic Tumor Ecosystems in Head and Neck Cancer. Cell 171 (7), 1611–1624.e24. doi:10.1016/j.cell.2017.10.044
 Rahima, B., Shingaki, S., Nagata, M., and Saito, C. (2004). Prognostic Significance of Perineural Invasion in Oral and Oropharyngeal Carcinoma. Oral Surg. Oral Med. Oral Pathol. Oral Radiol. Endod. 97 (4), 423–31. doi:10.1016/j.tripleo.2003.10.014
 Rajan, C., Roshan, V. G. D., Khan, I., Manasa, V. G., Himal, I., Kattoor, J., et al. (2021). MiRNA Expression Profiling and Emergence of New Prognostic Signature for Oral Squamous Cell Carcinoma. Sci. Rep. 11 (1), 7298. doi:10.1038/s41598-021-86316-w
 Ramzan, F., Vickers, M. H., and Mithen, R. F. (2021). Epigenetics, microRNA and Metabolic Syndrome: A Comprehensive Review. Int. J. Mol. Sci. 22 (9), 5047. doi:10.3390/ijms22095047
 Rasmussen, K. D., and Helin, K. (2016). Role of TET Enzymes in DNA Methylation, Development, and Cancer. Genes Dev. 30 (7), 733–750. doi:10.1101/gad.276568.115
 Rastogi, B., Raut, S. K., Panda, N. K., Rattan, V., Radotra, B. D., and Khullar, M. (2016). Overexpression of HDAC9 Promotes Oral Squamous Cell Carcinoma Growth, Regulates Cell Cycle Progression, and Inhibits Apoptosis. Mol. Cell Biochem 415 (1-2), 183–96. doi:10.1007/s11010-016-2690-5
 Rather, M. I., Nagashri, M. N., Swamy, S. S., Gopinath, K. S., and Kumar, A. (2013). Oncogenic microRNA-155 Down-Regulates Tumor Suppressor CDC73 and Promotes Oral Squamous Cell Carcinoma Cell Proliferation: Implications for Cancer Therapeutics. J. Biol. Chem. 288 (1), 608–18. doi:10.1074/jbc.m112.425736
 Reis, P. P., Tomenson, M., Cervigne, N. K., Machado, J., Jurisica, I., Pintilie, M., et al. (2010). Programmed Cell Death 4 Loss Increases Tumor Cell Invasion and Is Regulated by miR-21 in Oral Squamous Cell Carcinoma. Mol. Cancer 9, 238. doi:10.1186/1476-4598-9-238
 Ren, S., Gaykalova, D., Wang, J., Guo, T., Danilova, L., Favorov, A., et al. (2018). Discovery and Development of Differentially Methylated Regions in Human Papillomavirus-Related Oropharyngeal Squamous Cell Carcinoma. Int. J. Cancer 143 (10), 2425–2436. doi:10.1002/ijc.31778
 Renjie, W., and Haiqian, L. (2015). MiR-132, miR-15a and miR-16 Synergistically Inhibit Pituitary Tumor Cell Proliferation, Invasion and Migration by Targeting Sox5. Cancer Lett. 356, 568–78. doi:10.1016/j.canlet.2014.10.003
 Roh, J., Muelleman, T., Tawfik, O., and Thomas, S. M. (2015). Perineural Growth in Head and Neck Squamous Cell Carcinoma: a Review. Oral Oncol. 51 (1), 16–23. doi:10.1016/j.oraloncology.2014.10.004
 Ross, G. L., Soutar, D. S., MacDonald, D. G., Shoaib, T., Camilleri, I. G., and Robertson, A. G. (2004). Improved Staging of Cervical Metastases in Clinically Node-Negative Patients with Head and Neck Squamous Cell Carcinoma. Ann. Surg. Oncol. 11 (2), 213–8. doi:10.1245/aso.2004.03.057
 Ruokolainen, H., Pääkkö, P., and Turpeenniemi-Hujanen, T. (2006). Tissue and Circulating Immunoreactive Protein for MMP-2 and TIMP-2 in Head and Neck Squamous Cell Carcinoma-Ttissue Immunoreactivity Predicts Aggressive Clinical Course. Mod. Pathol. 19 (2), 208–17. doi:10.1038/modpathol.3800506
 Russo, D., Merolla, F., Varricchio, S., Salzano, G., Zarrilli, G., Mascolo, M., et al. (2020). Erratum: Epigenetics of Oral and Oropharyngeal Cancers (Review). Biomed. Rep. 12 (5), 290. doi:10.3892/br.2020.1290
 Saad, M. A., Kuo, S. Z., Rahimy, E., Zou, A. E., Korrapati, A., Rahimy, M., et al. (2015). Alcohol-dysregulated miR-30a and miR-934 in Head and Neck Squamous Cell Carcinoma. Mol. Cancer 14, 181. doi:10.1186/s12943-015-0452-8
 Saito, Y., Liang, G., Egger, G., Friedman, J. M., Chuang, J. C., Coetzee, G. A., et al. (2006). Specific Activation of Microrna-127 with Downregulation of the Proto-Oncogene Bcl6 by Chromatin-Modifying Drugs in Human Cancer Cells. Cancer Cell 9, 435–443. doi:10.1016/j.ccr.2006.04.020
 Sakuma, T., Uzawa, K., Onda, T., Shiiba, M., Yokoe, H., Shibahara, T., et al. (2006). Aberrant Expression of Histone Deacetylase 6 in Oral Squamous Cell Carcinoma. Int. J. Oncol. 29 (1), 117–24. doi:10.3892/ijo.29.1.117
 Salaspuro, M. P. (2003). Acetaldehyde, Microbes, and Cancer of the Digestive Tract. Crit. Rev. Clin. Lab. Sci. 40, 183–208. doi:10.1080/713609333
 Sartor, M. A., Dolinoy, D. C., Jones, T. R., Colacino, J. A., Prince, M. E., Carey, T. E., et al. (2011). Genome-wide Methylation and Expression Differences in HPV(+) and HPV(-) Squamous Cell Carcinoma Cell Lines Are Consistent with Divergent Mechanisms of Carcinogenesis. Epigenetics 6 (6), 777–87. doi:10.4161/epi.6.6.16216
 Sato, T., Suzuki, M., Sato, Y., Echigo, S., and Rikiishi, H. (2006). Sequence-dependent Interaction between Cisplatin and Histone Deacetylase Inhibitors in Human Oral Squamous Cell Carcinoma Cells. Int. J. Oncol. 28, 1233–1241. doi:10.3892/ijo.28.5.1233
 Scanlon, C. S., Banerjee, R., Inglehart, R. C., Liu, M., Russo, N., Hariharan, A., et al. (2015). Galanin Modulates the Neural Niche to Favour Perineural Invasion in Head and Neck Cancer. Nat. Commun. 6, 6885. doi:10.1038/ncomms7885
 Scott, A. J., Alexander, J. L., Merrifield, C. A., Cunningham, D., Jobin, C., Brown, R., et al. (2019). International Cancer Microbiome Consortium Consensus Statement on the Role of the Human Microbiome in Carcinogenesis. Gut 68 (9), 1624–1632. doi:10.1136/gutjnl-2019-318556
 Seitz, H. K., Stickel, F., and Homann, N. (2004). Pathogenetic Mechanisms of Upper Aerodigestive Tract Cancer in Alcoholics. Int. J. Cancer 108 (4), 483–7. doi:10.1002/ijc.11600
 Seitz, H. K., and Stickel, F. (2007). Molecular Mechanisms of Alcohol-Mediated Carcinogenesis. Nat. Rev. Cancer 7, 599–612. doi:10.1038/nrc2191
 Shrestha, B., Bajracharya, D., Byatnal, A. A., Kamath, A., and Radhakrishnan, R. (2017). May High MMP-2 and TIMP-2 Expressions Increase or Decrease the Aggressivity of Oral Cancer?Pathol. Oncol. Res. 23 (1), 197–206. doi:10.1007/s12253-016-0149-3
 Shukla, S. D., Lee, Y. J., Park, P. H., and Aroor, A. R. (2007). Acetaldehyde Alters MAP Kinase Signalling and Epigenetic Histone Modifications in Hepatocytes. Novartis Found. Symp. 285, 217–24. doi:10.1002/9780470511848.ch16
 Sierko, E., Wojtukiewicz, M. Z., and Kisiel, W. (2007). The Role of Tissue Factor Pathway Inhibitor-2 in Cancer Biology. Semin. Thromb. Hemost. 33 (7), 653–9. doi:10.1055/s-2007-991532
 Silverman, B. R., and Shi, J. (2016). Alterations of Epigenetic Regulators in Pancreatic Cancer and Their Clinical Implications. Int. J. Mol. Sci. 17 (12), 2138. doi:10.3390/ijms17122138
 Sim, J., Kim, Y., Kim, H., Bang, S., Jee, S., Park, S., et al. (2020). Loss of MTUS1 Expression Is Associated with Poor Prognosis in Patients with Gallbladder Carcinoma. Vivo 34 (1), 125–132. doi:10.21873/invivo.11753
 Soo, K. C., Carter, R. L., O'Brien, C. J., Barr, L., Bliss, J. M., and Shaw, H. J. (1986). Prognostic Implications of Perineural Spread in Squamous Carcinomas of the Head and Neck. Laryngoscope 96 (10), 1145–8. doi:10.1288/00005537-198610000-00015
 Sousa, L. O., Sobral, L. M., Matsumoto, C. S., Saggioro, F. P., López, R. V., Panepucci, R. A., et al. (2016). Lymph Node or Perineural Invasion Is Associated with Low miR-15a, miR-34c and miR-199b Levels in Head and Neck Squamous Cell Carcinoma. BBA Clin. 6, 159–164. doi:10.1016/j.bbacli.2016.11.001
 Speight, P. M., and Barrett, A. W. (2009). Prognostic Factors in Malignant Tumours of the Salivary Glands. Br. J. Oral Maxillofac. Surg. 47 (8), 587–93. doi:10.1016/j.bjoms.2009.03.017
 Staibano, S., Mignogna, C., Lo Muzio, L., Mascolo, M., Salvatore, G., Di Benedetto, M., et al. (2007). Chromatin Assembly Factor-1 (CAF-1)-Mediated Regulation of Cell Proliferation and DNA Repair: a Link with the Biological Behaviour of Squamous Cell Carcinoma of the Tongue?Histopathology 50 (7), 911–9. doi:10.1111/j.1365-2559.2007.02698.x
 Stornetta, A., Guidolin, V., and Balbo, S. (2018). Alcohol-Derived Acetaldehyde Exposure in the Oral Cavity. Cancers (Basel) 10 (1), 20. doi:10.3390/cancers10010020
 Stott, F. J., Bates, S., James, M. C., McConnell, B. B., Starborg, M., Brookes, S., et al. (1998). The Alternative Product from the Human CDKN2A Locus, p14(ARF), Participates in a Regulatory Feedback Loop with P53 and MDM2. EMBO J. 17 (17), 5001–14. doi:10.1093/emboj/17.17.5001
 Su Mun, L., Wye Lum, S., Kong Yuiin Sze, G., Hock Yoong, C., Ching Yung, K., Kah Lok, L., et al. (2021). Association of Microbiome with Oral Squamous Cell Carcinoma: A Systematic Review of the Metagenomic Studies. Int. J. Environ. Res. Public Health 18 (14), 7224. doi:10.3390/ijerph18147224
 Sullivan, L. M., and Smee, R. (2006). Leptomeningeal Carcinomatosis from Perineural Invasion of a Lip Squamous Cell Carcinoma. Australas. Radiol. 50 (3), 262–6. doi:10.1111/j.1440-1673.2006.01577.x
 Supic, G., Kozomara, R., Brankovic-Magic, M., Jovic, N., and Magic, Z. (2009). Gene Hypermethylation in Tumor Tissue of Advanced Oral Squamous Cell Carcinoma Patients. Oral Oncol. 45 (12), 1051–7.
 Supic, G., Kozomara, R., Jovic, N., Zeljic, K., and Magic, Z. (2011). Hypermethylation of RUNX3 but Not WIF1 Gene and its Association with Stage and Nodal Status of Tongue Cancers. Oral Dis. 17 (8), 794–800. doi:10.1111/j.1601-0825.2011.01838.x
 Supic, G., Kozomara, R., Zeljic, K., Jovic, N., and Magic, Z. (2017). Prognostic Value of the DNMTs mRNA Expression and Genetic Polymorphisms on the Clinical Outcome in Oral Cancer Patients. Clin. Oral Investig. 21 (1), 173–182. doi:10.1007/s00784-016-1772-9
 Sutton, D. N., Brown, J. S., Rogers, S. N., Vaughan, E. D., and Woolgar, J. A. (2003). The Prognostic Implications of the Surgical Margin in Oral Squamous Cell Carcinoma. Int. J. Oral Maxillofac. Surg. 32 (1), 30–4. doi:10.1054/ijom.2002.0313
 Suzuki, M., Shinohara, F., Endo, M., Sugazaki, M., Echigo, S., and Rikiishi, H. (2009). Zebularine Suppresses the Apoptotic Potential of 5-fluorouracil via cAMP/PKA/CREB Pathway against Human Oral Squamous Cell Carcinoma Cells. Cancer Chemother. Pharmacol. 64 (2), 223–32. doi:10.1007/s00280-008-0833-4
 Szabo, A., Gurlich, R., Liberko, M., Soumarova, R., Vernerova, Z., Mandys, V., et al. (2020). Expression of Selected microRNAs in Pancreatic Ductal Adenocarcinoma: Is There a Relation to Tumor Morphology, Progression and Patient's Outcome?Neoplasma 67 (5), 1170–1181. doi:10.4149/neo_2020_200123N87
 Tan, L., and Shi, Y. G. (2012). Tet Family Proteins and 5-hydroxymethylcytosine in Development and Disease. Development 139 (11), 1895–902. doi:10.1242/dev.070771
 Tang, K. L., Tang, H. Y., Du, Y., Tian, T., and Xiong, S. J. (2019). MiR-638 Suppresses the Progression of Oral Squamous Cell Carcinoma through Wnt/β-Catenin Pathway by Targeting Phospholipase D1. Artif. Cell Nanomed Biotechnol 47 (1), 3278–3285. doi:10.1080/21691401.2019.1647222
 Tasoulas, J., Giaginis, C., Patsouris, E., Manolis, E., and Theocharis, S. (2015). Histone Deacetylase Inhibitors in Oral Squamous Cell Carcinoma Treatment. Expert Opin. Investig. Drugs 24 (1), 69–78. doi:10.1517/13543784.2014.952368
 Thienpont, B., Steinbacher, J., Zhao, H., D'Anna, F., Kuchnio, A., Ploumakis, A., et al. (2016). Tumour Hypoxia Causes DNA Hypermethylation by Reducing TET Activity. Nature 537 (7618), 63–68. doi:10.1038/nature19081
 Torre, L. A., Bray, F., Siegel, R. L., Ferlay, J., Lortet-Tieulent, J., and Jemal, A. (2015). Global Cancer Statistics. CA Cancer J. Clin. 65 (2), 87–108. doi:10.3322/caac.21262
 Uehara, E., Shiiba, M., Shinozuka, K., Saito, K., Kouzu, Y., Koike, H., et al. (2012). Upregulated Expression of ADAM12 Is Associated with Progression of Oral Squamous Cell Carcinoma. Int. J. Oncol. 40 (5), 1414–22. doi:10.3892/ijo.2012.1339
 Urvalek, A. M., Osei-Sarfo, K., Tang, X. H., Zhang, T., Scognamiglio, T., and Gudas, L. J. (2015). Identification of Ethanol and 4-Nitroquinoline-1-Oxide Induced Epigenetic and Oxidative Stress Markers during Oral Cavity Carcinogenesis. Alcohol. Clin. Exp. Res. 39 (8), 1360–72. doi:10.1111/acer.12772
 Verdoodt, B., Sommerer, F., Palisaar, R. J., Noldus, J., Vogt, M., Nambiar, S., et al. (2011). Inverse Association of P16 INK4a and P14 ARF Methylation of the CDKN2a Locus in Different Gleason Scores of Prostate Cancer. Prostate Cancer Prostatic Dis. 14 (4), 295–301. doi:10.1038/pcan.2011.45
 Viet, C. T., and Schmidt, B. L. (2008). Methylation Array Analysis of Preoperative and Postoperative Saliva DNA in Oral Cancer Patients. Cancer Epidemiol. Biomarkers Prev. 17 (12), 3603–11. doi:10.1158/1055-9965.epi-08-0507
 Virani, S., Bellile, E., Bradford, C. R., Carey, T. E., Chepeha, D. B., Colacino, J. A., et al. (2015). NDN and CD1A Are Novel Prognostic Methylation Markers in Patients with Head and Neck Squamous Carcinomas. BMC Cancer 15, 825. doi:10.1186/s12885-015-1806-8
 Waddington, C. H. (1942). The Epigenotype. Endeavor (1), 18–20. 
 Wallwork, B. D., Anderson, S. R., and Coman, W. B. (2007). Squamous Cell Carcinoma of the Floor of the Mouth: Tumour Thickness and the Rate of Cervical Metastasis. ANZ J. Surg. 77 (9), 761–4. doi:10.1111/j.1445-2197.2007.04219.x
 Wang, V., and Wu, W. (2009). MicroRNA-based Therapeutics for Cancer. BioDrugs 23 (1), 15–23. doi:10.2165/00063030-200923010-00002
 Wang, W., Gao, J., Man, X. H., Li, Z. S., and Gong, Y. F. (2009). Significance of DNA Methyltransferase-1 and Histone Deacetylase-1 in Pancreatic Cancer. Oncol. Rep. 21 (6), 1439–47. doi:10.3892/or_00000372
 Wang, X., and Li, G. H. (2018). MicroRNA-16 Functions as a Tumor-Suppressor Gene in Oral Squamous Cell Carcinoma by Targeting AKT3 and BCL2L2. J. Cell Physiol 233 (12), 9447–9457. doi:10.1002/jcp.26833
 Wang, X., Li, H., and Shi, J. (2019). LncRNA HOXA11-AS Promotes Proliferation and Cisplatin Resistance of Oral Squamous Cell Carcinoma by Suppression of miR-214-3p Expression. Biomed. Res. Int. 2019, 8645153. doi:10.1155/2019/8645153
 Wang, Y., Hu, H., Wang, Q., Li, Z., Zhu, Y., Zhang, W., et al. (2017). The Level and Clinical Significance of 5-hydroxymethylcytosine in Oral Squamous Cell Carcinoma: An Immunohistochemical Study in 95 Patients. Pathol. Res. Pract. 213 (8), 969–974. doi:10.1016/j.prp.2017.04.016
 Watanabe, T., Morinaga, S., Akaike, M., Numata, M., Tamagawa, H., Yamamoto, N., et al. (2012). The Cellular Level of Histone H3 Lysine 4 Dimethylation Correlates with Response to Adjuvant Gemcitabine in Japanese Pancreatic Cancer Patients Treated with Surgery. Eur. J. Surg. Oncol. 38 (11), 1051–7. doi:10.1016/j.ejso.2012.08.008
 Woolgar, J. A. (2006). Histopathological Prognosticators in Oral and Oropharyngeal Squamous Cell Carcinoma. Oral Oncol. 42 (3), 229–39. doi:10.1016/j.oraloncology.2005.05.008
 Woolgar, J. A., and Scott, J. (1995). Prediction of Cervical Lymph Node Metastasis in Squamous Cell Carcinoma of the Tongue/floor of Mouth. Head Neck 17 (6), 463–72. doi:10.1002/hed.2880170603
 Wu, J., Liu, J., Wei, X., Yu, Q., Niu, X., Tang, S., et al. (2019). A Feature-Based Analysis Identifies COL1A2 as a Regulator in Pancreatic Cancer. J. Enzyme Inhib. Med. Chem. 34 (1), 420–428. doi:10.1080/14756366.2018.1484734
 Yamamoto, T., Hirosue, A., Nakamoto, M., Yoshida, R., Sakata, J., Matsuoka, Y., et al. (2020). BRD4 Promotes Metastatic Potential in Oral Squamous Cell Carcinoma through the Epigenetic Regulation of the MMP2 Gene. Br. J. Cancer 123 (4), 580–590. doi:10.1038/s41416-020-0907-6
 Yang, X., Han, B., Zhang, R., Su, Y., Hosseini, D. K., Wu, H., et al. (2021). Development and Validation of a RNA Binding Protein-Associated Prognostic Model for Head and Neck Squamous Cell Carcinoma. Aging (Albany NY) 13 (6), 7975–7997. doi:10.18632/aging.202848
 Yang, Y., Deng, X., Chen, X., Chen, S., Song, L., Meng, M., et al. (2020). Landscape of Active Enhancers Developed De Novo in Cirrhosis and Conserved in Hepatocellular Carcinoma. Am. J. Cancer Res. 10 (10), 3157–3178.
 Yao, Q., Chen, Y., and Zhou, X. (2019). The Roles of microRNAs in Epigenetic Regulation. Curr. Opin. Chem. Biol. 51, 11–17. doi:10.1016/j.cbpa.2019.01.024
 Yi, X., Guo, J., Guo, J., Sun, S., Yang, P., Wang, J., et al. (2017). EZH2-mediated Epigenetic Silencing of TIMP2 Promotes Ovarian Cancer Migration and Invasion. Scientific Rep. 7, 3568. doi:10.1038/s41598-017-03362-z
 Yorioka, C. W., Coletta, R. D., Alves, F., Nishimoto, I. N., Kowalski, L. P., and Graner, E. (2002). Matrix Metalloproteinase-2 and -9 Activities Correlate with the Disease-free Survival of Oral Squamous Cell Carcinoma Patients. Int. J. Oncol. 20 (1), 189–94. doi:10.3892/ijo.20.1.189
 Yoshizaki, T., Maruyama, Y., Sato, H., and Furukawa, M. (2001). Expression of Tissue Inhibitor of Matrix Metalloproteinase-2 Correlates with Activation of Matrix Metalloproteinase-2 and Predicts Poor Prognosis in Tongue Squamous Cell Carcinoma. Int. J. Cancer 95 (1), 44–50. doi:10.1002/1097-0215(20010120)95:1<44::aid-ijc1008>3.0.co;2-m
 Yu, E. H., Tu, H. F., Wu, C. H., Yang, C. C., and Chang, K. W. (2017). MicroRNA-21 Promotes Perineural Invasion and Impacts Survival in Patients with Oral Carcinoma. J. Chin. Med. Assoc. 80 (6), 383–388. doi:10.1016/j.jcma.2017.01.003
 Yu, S. Y., Wang, Y. P., Chang, J. Y., Shen, W. R., Chen, H. M., and Chiang, C. P. (2014). Increased Expression of MCM5 Is Significantly Associated with Aggressive Progression and Poor Prognosis of Oral Squamous Cell Carcinoma. J. Oral Pathol. Med. 43 (5), 344–9. doi:10.1111/jop.12134
 Yu, V., Singh, P., Rahimy, E., Zheng, H., Kuo, S. Z., Kim, E., et al. (2016). RNA-seq Analysis Identifies Key Long Non-coding RNAs Connected to the Pathogenesis of Alcohol-Associated Head and Neck Squamous Cell Carcinoma. Oncol. Lett. 12 (4), 2846–2853. doi:10.3892/ol.2016.4972
 Zebolsky, A. L., George, E., Gulati, A., Wai, K. C., Carpenter, P., Van Zante, A., et al. (2021). Risk of Pathologic Extranodal Extension and Other Adverse Features after Transoral Robotic Surgery in Patients with HPV-Positive Oropharynx Cancer. JAMA Otolaryngol. Head Neck Surg. , e212777. doi:10.1001/jamaoto.2021.2777
 Zhai, L. L., Wu, Y., Cai, C. Y., and Tang, Z. G. (2015). Upregulated Matrix Metalloproteinase-2 and Downregulated Tissue Factor Pathway Inhibitor-2 Are Risk Factors for Lymph Node Metastasis and Perineural Invasion in Pancreatic Carcinoma. Onco Targets Ther. 8, 2827–34. doi:10.2147/ott.s90599
 Zhang, C. Y., Mao, L., Li, L., Tian, Z., Zhou, X. J., Zhang, Z. Y., et al. (2007). Promoter Methylation as a Common Mechanism for Inactivating E-Cadherin in Human Salivary Gland Adenoid Cystic Carcinoma. Cancer 110 (1), 87–95. doi:10.1002/cncr.22758
 Zhang, J., Fu, X., Liu, D., Yang, M., Yang, J., Huo, Y., et al. (2020). Molecular Markers Associated with Perineural Invasion in Pancreatic Ductal Adenocarcinoma. Oncol. Lett. 20 (4), 5. doi:10.3892/ol.2020.11866
 Zhang, M., Xian, H. C., Dai, L., Tang, Y. L., and Liang, X. H. (2021). MicroRNAs: Emerging Driver of Cancer Perineural Invasion. Cell Biosci 11 (1), 117. doi:10.1186/s13578-021-00630-4
 Zhang, R., Qi, F., Zhao, F., Li, G., Shao, S., Zhang, X., et al. (2019). Cancer-associated Fibroblasts Enhance Tumor-Associated Macrophages Enrichment and Suppress NK Cells Function in Colorectal Cancer. Cell Death Dis 10 (4), 273. doi:10.1038/s41419-019-1435-2
 Zhao, L., Yu, Y., Wu, J., Bai, J., Zhao, Y., Li, C., et al. (2014). Role of EZH2 in Oral Squamous Cell Carcinoma Carcinogenesis. Gene 537 (2), 197–202. doi:10.1016/j.gene.2014.01.006
 Zheng, B., Qu, J., Ohuchida, K., Feng, H., Chong, S. J. F., Yan, Z., et al. (2020b). LAMA4 Upregulation Is Associated with High Liver Metastasis Potential and Poor Survival Outcome of Pancreatic Cancer. Theranostics 10, 10274–10289. doi:10.7150/thno.47001
 Zheng, J., Wang, J., Jia, Y., Liu, T., Duan, Y., Liang, X., et al. (2019b). microRNA-211 Promotes Proliferation, Migration, and Invasion Ability of Oral Squamous Cell Carcinoma Cells via Targeting the Bridging Integrator 1 Protein. J. Cell Biochem 120 (3), 4644–4653. doi:10.1002/jcb.27753
 Zheng, Q., Maksimovic, I., Upad, A., and David, Y. (2020a). Non-enzymatic Covalent Modifications: a New Link between Metabolism and Epigenetics. Protein Cell 11 (6), 401–416. doi:10.1007/s13238-020-00722-w
 Zheng, Q., Prescott, N. A., Maksimovic, I., and David, Y. (2019a). (De) Toxifying the Epigenetic Code. Chem. Res. Toxicol. 32 (5), 796–807. doi:10.1021/acs.chemrestox.9b00013
 Zhou, W. N., Du, Y. F., Bai, J., Song, X. M., Zheng, Y., Yuan, H., et al. (2017). RUNX3 Plays a Tumor Suppressor Role by Inhibiting Cell Migration, Invasion and Angiogenesis in Oral Squamous Cell Carcinoma. Oncol. Rep. 38 (4), 2378–2386. doi:10.3892/or.2017.5857
 Zhu, Z., Friess, H., diMola, F. F., Zimmermann, A., Graber, H. U., Korc, M., et al. (1999). Nerve Growth Factor Expression Correlates with Perineural Invasion and Pain in Human Pancreatic Cancer. J. Clin. Oncol. 17 (8), 2419–28. doi:10.1200/jco.1999.17.8.2419
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Hurník, Chyra, Ševčíková, Štembírek, Trtková, Gaykalova, Buchtová and Hrubá. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		ORIGINAL RESEARCH
published: 13 May 2022
doi: 10.3389/fgene.2022.890079


[image: image2]
A New Risk Model Based on 7 Quercetin-Related Target Genes for Predicting the Prognosis of Patients With Lung Adenocarcinoma
Yun-Qiang Zhang1†, Kai Li2†, Qiang Guo3* and Dan Li4*
1Department of Thoracic Surgery, Beilun District People’s Hospital, Ningbo, China
2Department of Hepatobiliary and Pancreatic Surgery, The People’s Hospital of jianyang City, Jianyang, China
3Department of Thoracic Surgery, Huanggang Central Hospital, Huanggang, China
4Department of Oncology, Huanggang Central Hospital, Huanggang, China
Edited by:
Heriberto Prado-Garcia, Instituto Nacional de Enfermedades Respiratorias-México (INER), Mexico
Reviewed by:
Nahid Eskandari, Isfahan University of Medical Sciences, Iran
Lidan Sun, Jiaxing University, China
* Correspondence: Qiang Guo, guoqianglidan@163.com; Dan Li, 804180423@qq.com
†These authors have contributed equally to this work
Specialty section: This article was submitted to Cancer Genetics and Oncogenomics, a section of the journal Frontiers in Genetics
Received: 05 March 2022
Accepted: 19 April 2022
Published: 13 May 2022
Citation: Zhang Y-Q, Li K, Guo Q and Li D (2022) A New Risk Model Based on 7 Quercetin-Related Target Genes for Predicting the Prognosis of Patients With Lung Adenocarcinoma. Front. Genet. 13:890079. doi: 10.3389/fgene.2022.890079

Background: Studies have reported that quercetin inhibits the growth and migration of lung adenocarcinoma (LUAD). This study aimed to explore the roles and mechanisms of quercetin target genes in the progression of LUAD.
Methods: The quercetin structure and potential target genes of quercetin were explored in the Traditional Chinese Medicine Systems Pharmacology and SwissTargetPrediction databases. The differentially expressed quercetin target genes were identified in The Cancer Genome Atlas (TCGA) database, and the clinical values of quercetin target genes were explored. Subsequently, a risk model was constructed via the Cox regression and survival analysis to evaluate the potential effects and possible mechanisms of quercetin target genes.
Results: The quercetin differential target genes involved in biological processes such as the oxidation-reduction process, cell proliferation, G2/M transition of the mitotic cell cycle, and were related to the lung cancer. NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 were related to the prognosis, and were independent factors influencing the prognosis of LUAD patients. The risk model was related to the gender, clinical stage, T stage, lymph node metastasis, and survival status of LUAD patients, and was independent risk factor associated with poor prognosis. In the high-risk group, the risk model involved signaling pathways such as cell cycle, DNA replication, spliceosome, and homologous recombination.
Conclusion: The quercetin potential target genes NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 were related to the diagnosis and prognosis of LUAD patients. A risk model based on 7 quercetin target genes could be used to assess the prognosis of patients with LUAD.
Keywords: LUAD, risk model, quercetin, prognosis, GSEA
INTRODUCTION
Houttuynia cordata is the herbal medicine included in the Chinese pharmacopeia and is derived from the dry aerial part of the saururus chinensis plant family. At present, H. cordata has shown anti-tumor progression effects in cancer (Kim et al., 2017; Lou et al., 2019; Subhawa et al., 2020; Liu et al., 2021). For example, H. cordata enhances HIF-1A/FOXO3 signaling transduction, causing the up-regulation of MEF2A expression in HepG2 cells, inhibiting the expression of Bcl-2 family proteins (Bax, Bcl-2 and Bcl-Xl), promoting cell apoptosis, and inhibiting the growth of liver cancer cells transplanted into nude mice (Kim et al., 2017). H. cordata and 2-undecanone can significantly inhibit benzo(a)pyrene from inducing lung tumors without causing significant systemic toxicity in mice (Lou et al., 2019). In addition, H. cordata component quercetin features important biological values in the progression of lung cancer (Lee et al., 2015; Sonoki et al., 2015; Chuang et al., 2016; Klimaszewska-Wiśniewska et al., 2017; Dong et al., 2020). For example, quercetin reduces the viability of lung cancer cells, inhibits the expression of HSP70, and increases gemcitabine-induced cancer cell death. The combination therapy of quercetin and gemcitabine significantly down-regulates the expression of HSP70 (Lee et al., 2015). It has been reported that quercetin inhibits the proliferation, migration and invasion of non-small cell lung cancer (NSCLC) cells in vitro, and inhibits the growth of solid tumors in vivo. The Src expression and Fn14/NF-kappaB (NF-kB) signaling pathway are inhibited by the quercetin. Src overexpression in NSCLC cells leads to NSCLC cell proliferation and metastasis, and activating the Fn14/NF-kB signaling pathway inhibits the anti-NSCLC effect of quercetin (Dong et al., 2020). Therefore, the quercetin has the anti-tumor roles in lung cancer.
It has been confirmed that the quercetin has the anti-tumor properties in lung cancer and lung adenocarcinoma (LUAD) (Lee et al., 2015; Dong et al., 2020; Chuang et al., 2016; Klimaszewska-Wiśniewska et al., 2017; Sonoki et al., 2015). However, the mechanisms of quercetin in the development of LUAD has not yet been fully revealed. The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) database is a cancer database from the United States with reliable gene expression data and complete clinical information from a large sample of cancer patients (Guo Q et al., 2020; Liu et al., 2020). This study aimed to screen the hub target genes of quercetin in the progression of LUAD using the large data of TCGA database to elucidate the biological functions and mechanisms involved. A risk model of quercetin could then be constructed to assess the potential application as a prognostic tool for LUAD patients (Supplementary Figure S1), and evaluate the hub target genes as new therapeutic targets.
MATERIALS AND METHODS
Screening of Quercetin Target Genes
The quercetin structure was obtained from the Traditional Chinese Medicine Systems Pharmacology (TCMSP) Database (http://sm.nwsuaf.edu.cn/lsp/tcmsp.php), and the possible target genes of quercetin were predicted via the SwissTargetPrediction (http://www.swisstargetprediction.ch) database. Moreover, the quercetin structure from the pubchem (https://pubchem.ncbi.nlm.nih.gov/) database, and protein receptor structures from the PDB (http://www.rcsb.org/) database were downloaded to visualize molecular docking.
Identification of Quercetin Target Genes
The transcriptome data of gene expression and 522 clinical data of LUAD were downloaded from the TCGA database (Chen et al., 2019; Guo Q et al., 2020). The gene expression data included the 59 normal lung tissues and 535 LUAD tissues. The expression levels of quercetin target genes were identified via the Limma package, and the screening criteria was the logFC > 1 or < −1 and p < 0.05. The correlation between differentially expressed genes (DEGs) were analyzed using the correlation analysis. The roles of DEGs in LUAD were analyzed via the receiver operating characteristic (ROC) analysis. The area under the curve (AUC) and the p value were used as evaluation indicators.
Bioinformatics Analysis
The biological process (BP), cellular component (CC), molecular function (MF), signaling pathways and diseases of the quercetin related DEGs were explored in the DAVID database. We constructed a protein-protein interaction (PPI) network of the target genes of quercetin using the STRING (version: 11.5) database, and Cytoscape (version: 3.8.2) software was used for visualization.
Cox Regression Analysis
Univariate Cox regression analysis was used to analyze whether the DEGs of quercetin affected the prognosis of patients with LUAD, and the screening criteria was the p < 0.05. The independent factors affecting the prognosis of LUAD patients were screened using multivariate Cox regression analysis and akaike information standard (AIC), and the LUAD patients were divided into the high- and low-risk groups based on gene expression values. Subsequently, the clinical data were sorted out, and univariate Cox regression analysis was used to analyze the influence of clinicopathological characteristics of the high- and low-risk groups on the prognosis of LUAD patients.
Clinical Prognostic Value Analysis
The mortality of LUAD patients in the high- and low-risk groups was assessed by the Kaplan-Meier (K-M) survival analysis. The relationship between high- and low-risk and clinicopathological characteristics (age, gender, clinical stage, T stage, N stage, and M stage) of LUAD patients was evaluated via the correlation analysis. Furthermore, the roles of risk model related DEGs in the prognosis of LUAD patients were identified in the K-M plotter database and Gene Expression Profiling Interactive Analysis (GEPIA) database. p < 0.05 was considered statistically significant.
Consensus Clustering
The NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 expression data of 535 LUAD tissues were analyzed using the Consensus ClusterPlus package of R (version: 4.1.1), and principal component analysis (PCA) was carried out in cluster1 and cluster2 groups.
The Signaling Mechanism Involved in the Risk Model
The gene expression profiles of LUAD patients were divided into the high and low expression groups according to the median riskscore vlaue. The gene set enrichment analysis [GSEA (version: 4.1.0)] was used to assess the impact of potential mechanisms in the constructed risk model on the progression of LUAD. Each analysis performed 1,000 permutations of the genome. Gene sets with NOM p < 0.05 were considered significantly enriched.
Statistical Analysis
The data obtained from the TCGA database were processed using the Perl and R. The prognosis-related DEGs in LUAD were assessed using survival analysis, Cox regression analysis. Univariate Cox regression, multivariate Cox regression, and AIC method were used to construct the risk model for LUAD patients. p < 0.05 was considered the statistically significant.
RESULTS
Screening and Identification of Quercetin Differentially Expressed Target Genes
The structure of quercetin was obtained from the TCMSP database (Figure 1A). Figure 1B shows the distribution of quercetin target genes in the SwissTargetPrediction database (Supplementary Table S1). In the TCGA database, compared with normal lung tissues, there were the 79 DEGs in LUAD tissues (Figure 1C; Supplementary Table S2). Among them, 40 DEGs exhibited a fold change greater than 1 (Supplementary Figure S2; Table 1).
[image: Figure 1]FIGURE 1 | Structure and target genes of quercetin. (A) Structure; (B) The distribution ratio of quercetin target genes; (C) Quercetin-related differentially expressed genes in TCGA LUAD tissues. Note: TCGA, The Cancer Genome Atlas; LUAD, lung adenocarcinoma.
TABLE 1 | Quercetin differentially expressed target genes in LUAD tissues.
[image: Table 1]The Biological Functions Involved in the Differential Expression of Quercetin Target Genes
The biological functions involved in 40 DEGs were explored using gene ontology (GO) in the DAVID database. The GO (BP) results showed that the DEGs were involved in the oxidation-reduction process, cell proliferation, G2/M transition of the mitotic cell cycle, positive regulation of reactive oxygen species metabolic process, mitotic nuclear division, and others. The GO (CC) results indicated that the DEGs were involved in the cytosol, spindle microtubule, proteinaceous extracellular matrix, and others. The GO (MF) results showed that the DEGs were involved in protein kinase activity, cyclin-dependent protein serine/threonine kinase activity, protein serine/threonine kinase activity, oxidoreductase activity, and others (Figures 2A–C; Table 2). Furthermore, KEGG results demonstrated that the DEGs were involved in nitrogen metabolism, steroid hormone biosynthesis, oocyte meiosis, ovarian steroidogenesis and arachidonic acid metabolism signaling mechanisms (Figure 2D). In addition, the DEGs of quercetin were associated with lung cancer, breast cancer, chronic obstructive pulmonary disease, bladder cancer, esophageal adenocarcinoma, liver carcinoma, colorectal cancer, and other cancers (Figure 2E).
[image: Figure 2]FIGURE 2 | The biological functions, mechanisms and diseases of 40 quercetin-related differentially expressed target genes were explored in the DAVID database.
TABLE 2 | The biological functions of 40 differentially expressed target genes were explored in the DAVID database.
[image: Table 2]Correlation Analysis of the Differentially Expressed Target Genes
Correlation analysis revealed a partial correlation between the DEGs expression levels in 535 LUAD tissues (Supplementary Figure S3). The degree of color was positively correlated with the degree of correlation. Furthermore, the PPI network constructed from the String database revealed the protein interaction relationship between quercetin differentially expressed target genes (Supplementary Figure S4).
Evaluating the Diagnostic Value of Quercetin Differentially Expressed Target Genes in Lung Adenocarcinoma
The diagnostic values of the DEGs in LUAD were evaluated via the ROC analysis. The results shows that the AUC of ALOX5 was 0.9426, CAMK2B was 0.6477, MYLK was 0.8709, ABCB1 was 0.8209, HSD17B2 was 0.6294, NOX4 was 0.7748, ACHE was 0.7195, MMP9 was 0.8195, MET was 0.6517, CA9 was 0.9139, NEK2 was 0.9794, ABCG2 was 0.9508, AVPR2 was 0.9313, CA6 was 0.6369, TOP2A was 0.9899, MMP13 was 0.9188, CYP19A1 was 0.7139, PARP1 was 0.9346, MMP3 was 0.8448, CCNB2 was 0.9757, XDH was 0.9363, ALOX15 was 0.7823, CXCR1 was 0.8957, TERT was 0.9597, CA3 was 0.8853, PLK1 was 0.9841, CA4 was 0.9835, CA7 was 0.7873, CDK1 was 0.9593, PLA2G1B was 0.9373, CA5A was 0.7564, CDK5R1 was 0.8686, GPR35 was 0.806, AURKB was 0.9691, F2 was 0.7314, AKR1C1 was 0.5859, AKR1B10 was 0.7992, AKR1C4 was 0.6086, and MMP12 was 0.8884 (Figure 3).
[image: Figure 3]FIGURE 3 | The diagnostic value of quercetin-related differentially expressed target genes in LUAD via the ROC analysis. Note: ROC, Receiver operating characteristic; LUAD, lung adenocarcinoma.
Screening and Constructing a Risk Model for Lung Adenocarcinoma Patients
Univariate Cox regression analysis demonstrated that ACHE, NEK2, TOP2A, CCNB2, TERT, PLK1, CA4, CDK1, PLA2G1B, CDK5R1, GPR35, AURKB, and F2 were independent factors influencing the prognosis of LUAD patients (Figure 4A; Table 3). On this basis, multivariate Cox regression analysis revealed that NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 were independent factors affecting the prognosis of LUAD patients (Table 4), which were used to construct a risk model. Furthermore, K-M survival analysis confirmed that the prognosis of LUAD patients in the high-risk group was worse (Figure 4B), with the AUC being 0.677 (Figure 4C). The risk factors were further evaluated by correlation analysis and were found to be related to the gender, clinical stage, T stage, lymph node metastasis, and survival status of LUAD patients (Figure 4D). Univariate and multivariate Cox regression analysis showed that the high riskscore was a risk factor for poor prognosis in LUAD patients (Figures 4E,F; Table 5). Quercetin structure and risk factor structures were visualized via molecular docking (Figure 5).
[image: Figure 4]FIGURE 4 | Prognostic value of quercetin-related differentially expressed target genes in patients with LUAD via the COX and survival analysis. Note: LUAD, lung adenocarcinoma.
TABLE 3 | Univariate Cox regression analysis showed the prognostic factors of LUAD patients.
[image: Table 3]TABLE 4 | Risk model factors of LUAD patients were shown via the multivariate Cox regression analysis.
[image: Table 4]TABLE 5 | Prognosis-related clinicopathological features of LUAD patients were shown via the multivariate Cox regression analysis.
[image: Table 5][image: Figure 5]FIGURE 5 | The molecular docking between quercetin and risk model genes. (A) NEK2; (B) TOP2A; (C) PLK1; (D) CA4; (E) CDK5R1; (F) AURKB; (G) F2.
The Value of Identifying Model Factors in the Prognosis of Lung Adenocarcinoma Patients
In the GEPIA database, the expression levels of NEK2, TOP2A, PLK1, AURKB, F2, and CA4 were confirmed to be related to the OS of LUAD patients (Figures 6A–F). Moreover, the expression levels of NEK2, PLK1, CA4, and AURKB were correlated with the disease-free survival (DFS) of LUAD patients (Figures 6G–J). In the K-M Plotter database, the expression levels of NEK2, TOP2A, PLK1, RP17, CDK5R1, STK12, and F2 were correlated with the OS in LUAD patients (Figures 7A–I). Furthermore, the expression levels of NEK2, TOP2A, PLK1, RP17, CDK5R1, and STK12 were correlated with the progression-free survival (PFS) in LUAD patients (Supplementary Figures S5A–I).
[image: Figure 6]FIGURE 6 | The risk model factors were correlated with the prognosis of LUAD patients in the GEPIA database. Note: LUAD, lung adenocarcinoma; GEPIA, gene expression profiling interactive analysis.
[image: Figure 7]FIGURE 7 | The risk model factors were correlated with the OS of LUAD patients in the Kaplan-Meier Plotter database. Note: OS, overall survival; LUAD, lung adenocarcinoma.
Consensus Clustering of the Prognostic Factors Identified two Clusters of Lung Adenocarcinoma With Different Outcomes
The NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 genes were analyzed via cluster analysis. As the clustering evolves from k = 2 to 9, k = 2 might be the most appropriate choice for minimal interference (Figures 8A–C). Therefore, k = 2 was used for consensus cluster analysis, defined as the cluster1 and cluster2 groups. PCA analysis was performed in 535 LUAD tissues from the TCGA database, and the results revealed that the cluster1 and cluster2 groups were significantly different (Figure 8D).
[image: Figure 8]FIGURE 8 | Consensus clustering of model factors in LUAD. Note: LUAD, lung adenocarcinoma.
Possible Mechanisms of Lung Adenocarcinoma Progression in the High-Risk Model
In the high-risk group, the risk model involved the cell cycle, DNA replication, oocyte meiosis, spliceosome, homologous recombination, base excision repair, ubiquitin-mediated proteolysis, basal transcription factors, and other signaling pathways (Figure 9; Table 6).
[image: Figure 9]FIGURE 9 | Signaling pathways involved in the risk model via the GSEA. Note: GSEA, gene set enrichment analysis.
TABLE 6 | Signaling pathways involved in the risk model via the GSEA.
[image: Table 6]DISCUSSION
Quercetin has been shown to exert a beneficial effect in cancer treatment, and could delay the progression of tumors (Zheng et al., 2012; Lee et al., 2015; Sonoki et al., 2015; Reyes-Farias and Carrasco-Pozo, 2019; Zhao et al., 2019; Li et al., 2020). For example, quercetin can inhibit the expression of Bcl-2 and promote the Bax expression to increase the apoptosis rate of A549 cells (Zheng et al., 2012). Claudin-2 is highly expressed in LUAD tissues and cells. Knockout of claudin-2 reduces the proliferation and migration of LUAD cells. Quercetin reduces the expression of claudin-2, and promotes the expression of miR-16 in LUAD A549 cells. However, miR-16 inhibitors can rescue the decreased expression of claudin-2 induced by quercetin (Sonoki et al., 2015). This demonstrates that quercetin has an anti-tumor progression effect in LUAD. At present, many studies have reported the mechanism of quercetin in the progress of LUAD. However, the roles of quercetin in the progress of LUAD has not yet been fully revealed. Therefore, this study uses biological methods to find quercetin target genes, and the risk model was built by screening valuable target genes to provide a new direction and vision for quercetin treatment in LUAD.
A growing body of studies has shown that regulating gene expression is a potentially effective method to delay the progress of LUAD (Sekimoto et al., 2017; Guo W et al., 2020; Hu et al., 2020; Kou et al., 2020; Huang et al., 2021). Hu et al. reported that miR-486-5p was downregulated in cancer patient tissues and serum exosomes, inhibiting the proliferation, and metastasis of LUAD cells. In contrast, up-regulating NEK2 expression eliminates the inhibitory effect of miR-486-5p overexpression on the progress of LUAD (Hu et al., 2020). TOP2A is highly expressed in LUAD tissues. TOP2A is an independent prognostic factor for LUAD patients (Guo W et al., 2020; Kou et al., 2020). Interfering with the expression of TOP2A in A549 and GLC82 cells has been reported to inhibit the proliferation, migration and invasion of LUAD cells and reduce the expression levels of CCNB1 and CCNB2 (Kou et al., 2020). In our study, ACHE, NEK2, TOP2A, CCNB2, TERT, PLK1, CA4, CDK1, PLA2G1B, CDK5R1, GPR35, AURKB, and F2 were independent factors affecting the prognosis of LUAD patients via the univariate Cox regression analysis. Furthermore, NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 were independent factors affecting the prognosis of LUAD patients via the multivariate Cox regression analysis. K-M survival analysis demonstrated that the LUAD patients in the high-risk group had the poorer prognosis. Correlation analysis showed that the riskscore was related to the gender, clinical stage, T stage, lymph node metastasis, and survival status of LUAD patients. Consequently, univariate and multivariate Cox regression analysis revealed that the high riskscore was a risk factor for poor prognosis in LUAD patients. It has been reported in previous literature that NEK2, TOP2A, PLK1, CA4, and AURKB can play oncogenic or tumor suppressing roles in the progression of lung cancer (Bertran-Alamillo et al., 2019; Chen et al., 2020; Du et al., 2020; Gong et al., 2020; Shin et al., 2020). For example, TOP2A expression level was elevated in LUAD tissues and cells. TOP2A overexpression is associated with the prognosis in LUAD patients. The proliferation ability of A549 cells decreased and the apoptosis rate increased when TOP2A was inhibited in LUAD cells. Decreased TOP2A expression level could regulate LUAD growth by activating the ERK/JNK/p-P38/CHOP signaling pathway (Du et al., 2020). PLK1 expression level is the predictor of poor prognosis in patients with metastatic NSCLC. Active PLK1 promotes cancer metastasis by upregulating TGF-β signaling and amplifies metastatic properties by forming a positive feedback loop (Shin et al., 2020). It preliminarily showed that the quercetin target genes have crucial biological functions in LUAD progress.
Studies have found that NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 have important regulatory roles in cell cycle, DNA replication, homologous recombination, and others (Chabalier-Taste et al., 2016; Fan et al., 2019; Zeng et al., 2019; Wang et al., 2020; Ha et al., 2022). The expression level of NEK2 in human gastric cancer (GC) tissues is significantly upregulated. The expression level of ERK in human tissues is correlated with the expression of NEK2, and their overexpression might predict a poor prognosis in GC patients. Inhibiting NEK2 expression in GC cells can attenuate the ERK and c-JUN phosphorylation, reducing the cyclin D1 transcription. NEK2 can rescue the GC cell viability, proliferation and cell cycle progression (Fan et al., 2019). TOP2A was overexpressed in bladder urothelial carcinoma (BLCA) samples compared with normal epithelial tissue. Univariate Cox regression analysis showed that high expression of TOP2A was a factor affecting cancer-specific survival, PFS and recurrence-free survival of BLCA patients. Inhibiting the expression of TOP2A in BLCA cells could inhibit cell proliferation, migration and invasion, and promote anti-apoptosis (Zeng et al., 2019). Furthermore, the results of GO and KEGG showed that the DEGs of quercetin are involved in cell proliferation, G2/M transition of the mitotic cell cycle, positive regulation of the reactive oxygen species metabolic process, mitotic nuclear division, oocyte meiosis, etc. GSEA results demonstrated that the risk model involved signaling pathways such as cell cycle, DNA replication, oocyte meiosis, spliceosome, homologous recombination, base excision repair, ubiquitin-mediated proteolysis, and basal transcription factors. However, further research is required to confirm those results in the future.
This bioinformatics results revealed the potential role of hub quercetin target genes in the progression of LUAD and constructed a risk model to provide potential therapeutic targets for quercetin treatment of LUAD patients. However, our research results remain to be confirmed by basic research in the future. The prognostic value of the cellular level model was evaluated to explore the impact of quercetin on hub targets, as well as the expression of hub target genes in LUAD. Our results preliminarily indicated that the quercetin target genes NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2 were abnormally expressed in LUAD tissues, and their expression levels were related to the diagnosis and prognosis of LUAD patients. The constructed risk model is expected to effectively evaluate the prognosis of LUAD patients. In conclusion, the quercetin potential target genes NEK2, TOP2A, PLK1, CA4, CDK5R1, AURKB, and F2, were abnormally expressed in LUAD tissues, and their expression levels were related to the diagnosis and prognosis of LUAD patients. The constructed risk model is expected to effectively evaluate the prognosis of LUAD patients.
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Bladder cancer is the most common malignant tumor of the urinary system. We investigated the clinical implications of cell lineages in bladder cancer by integrating single-cell and bulk transcriptome data. By investigating the single-cell transcriptional profiles of 12,424 cells from normal bladder, eleven cell types and five types of epithelial sub-population were identified. Based on the signature of cell types identified in single-cell profiles, deconvolution analysis was employed to estimate cell types and epithelial lineages in the bulk RNA sequencing bladder cancer cohort. Cancer subtypes with clinical implications were further identified based on the heterogeneity of the epithelial lineage across patients. This study suggests that the EMT-like subtype is robustly correlated with poor prognosis and the umbrella subtype is a positive factor for the patient survival. Our research has a high potential for accurate prognostic and therapeutic stratification of bladder cancer.
Keywords: bladder cancer, intratumoral heterogeneity, single-cell RNA sequencing, deconvolution, cell lineages, prognosis
INTRODUCTION
Bladder cancer (BCa) is the most common malignant tumor of the urinary system with a respective incidence of 9.6/100,000 among men and 2.4/100,000 among women worldwide (Saginala et al., 2020; Yang et al., 2021). The treatment of BCa has made great progress in recent decades, with traditional surgical resection, chemotherapy, radiotherapy, and the popular potential treatment immunotherapy (Nagarsheth et al., 2017; Felsenstein and Theodorescu, 2018). However, postoperative recurrence and distant metastasis make the five-year survival rate of advanced BCa still very low, and it only has 4.6% survival rate for metastatic disease (Nadal and Bellmunt, 2019; Saginala et al., 2020; Wahby et al., 2020). Intratumoral heterogeneity (ITH) has been identified as associated with patient survival of most types of cancer (Greaves and Maley, 2012; McGranahan and Swanton, 2017) including BCa (Kang et al., 2020; Wang et al., 2021). During tumor evolution, parts of tumor cells gain biological or genetic changes after rounds of division and proliferation, and the intratumoral heterogeneity results in differences of tumor growth rate, invasive ability, drug sensitivity, and prognosis among different patients (Burrell and Swanton, 2014; Dagogo-Jack and Shaw, 2017).
There has been evidence that the phenotypic states of the cell-of-origin of cancer may be echoed in their progeny cancer cells. Hu et al. demonstrated that heterogeneity of epithelial cells in serous ovarian cancer can be measured by the molecular characteristics of the normal tubal epithelial cells, and the cell-of-origin of serous ovarian cancer was identified to be associated with patient survival (Hu et al., 2020). In the colorectal cancer molecular classification system, cell-of-origin is a parameter that can potentially impact subtype affiliation, and the identification and characterization of this parameter might reveal subtype-specific differences, indicating that the cell-of-origin is indeed responsible for specific features of a distinct tumor type (Fessler and Medema, 2016). Hence, we attempted to link epithelial cells from the normal bladder to corresponding BCa subtypes to achieve a stable molecular classification based on understanding the phenotypic diversity of the cell-of-origin.
Previous studies have demonstrated the transcriptome heterogeneity of BCa (Sfakianos et al., 2020). However, analyses based on bulk transcriptomes do not consider the co-existence of multiple cell states in one tumor (Robertson et al., 2017). Single-cell transcriptome sequencing (scRNA-seq) is a robust and unbiased technology to assess cellular and transcriptomic ITH. High requirements of sample collection, expensive cost, small sample size, and lack of long-term survival information make it difficult to combine single-cell sequencing with clinical data. There is still a gap between the epithelial lineage of BCa cells and the prognosis of BCa. Hence, this study integrates the normal bladder scRNA-seq data and bulk transcriptomic data annotated with clinical information to identify the relationship between the heterogeneity of the tumor cell lineage and the tumor cell subtypes of bladder cancer.
MATERIALS AND METHODS
Quality Control and Clustering of Human Normal Bladder Data by Seurat
The raw data were obtained by 10X Genomics of primary bladder samples from three patients, with a total of 13,495 cells used for scRNA-seq [the National Center for Biotechnology Information (GEO) database (GSE129845)] (Yu et al., 2019). We performed quality control and cluster analysis on the data by R (version 3.5.1, https://www.r-project.org/) and Seurat R package (version 3.0, https://satijalab.org/seurat/). We merged three human samples at first, and then the SCTransform function was used to normalize transcriptomic profiles (Hafemeister and Satija, 2019). The SCTransform normalization benefits in correcting batch effects and inter-patient variability. The standard pre-processing workflow for scRNA-seq data includes QC metrics, data normalization and scaling, and the detection of highly variable features. The index of filter cells was unique feature counts over 4000 or less than 200 and mitochondrial counts >10% (Sfakianos et al., 2020). Using the variable characteristics as input, we performed the principal component analysis (PCA) on the scaled data, identified significant principal components based on the JackStraw function, 15 principal components were determined for subsequent analysis. We used FindClusters functions for cell clustering and set resolution to 0.5 and, thus, classified into 13 clusters. Then, we identified the differentially expressed genes (DEGs) between each cluster of cells by the FindAllMarkers function (Lambrechts et al., 2018). According to the corresponding relationship between known cell types and gene markers, we finally defined 11 cell types for cell clustering (Puram et al., 2017).
Furthermore, we performed a second in-depth analysis of the subset of epithelial cells, adjusted some parameters, and finally got four cell types (Yamany et al., 2014), and DEGs were obtained by the FindMarkers function. The gene was identified as the marker gene of this target cluster only if it emerged in all the pairwise comparisons between the target cluster and background clusters with FDR <0.05 and fold change > 20.4.
Deconvolution of Bulk Expression Data
Gene expression deconvolution methods can be used to reveal the cell composition of complex tissues from their gene expression profiles (Finotello et al., 2019). Deconvolution could be implemented by the FARDEEP package, which is a robust method using the idea of a least trimmed square to detect and remove outliers before estimating the coefficients (Hao et al., 2019). Two matrices need to be prepared before calculation, one is a gene signature matrix generated from the above scRNA-seq data containing 11 different cell types and their corresponding DEGs average expression, the other matrix is the gene expression dataset from Bladder Cancer (TCGA, Cell 2017) (https://www.cbioportal.org), which consists of 412 muscle-invasive bladder cancer patients with 20437 genes. The deconvolution analysis generated scores of the 11 bladder cell types in each tumor sample. This score of a signature can be interpreted as the proportion of the corresponding cell state in bladder cancer (Newman et al., 2015).
Functional Enrichment Analysis of Differentially Expressed Genes
The functional enrichment analysis of the DEGs can be carried out on Gene Set Enrichment Analysis (GSEA, https://www.gsea-msigdb.org/gsea/) to identify the functional or metabolic pathways of the differential expressed genes enrichment and clarify the differences of various cell lineages at the level of gene functions and metabolic pathways. GSEA allows computing overlaps on hallmark gene sets, KEGG gene sets, and GO biological processes from the MSigDB collections. Input of the DEGs of each cell type, then output the functional enrichment results on the abovementioned three aspects and the FDR q-values (<0.05) which meet our screening criteria.
Testing the Difference in Tumor Stage of Each Cell Lineage by the Rank-Sum Test
Combining the data of the proportion of each lineage in bladder cancer obtained by the above deconvolution and the data of TCGA clinical patient cancer staging (Wan et al., 2016), we obtained the content of each cell type in T and N stages. The statistical method of difference test can be used to find the correlation between cell types and cancer staging. We used the violin plot to visualize the distribution of cell content in different stages and used the rank-sum test to obtain the difference p value. In the calculation process, we divided T1–2 into T_low, T3–4 into T_high, and the N stage into N0 and above.
Survival Analysis
The relationship between BCa lineages and survival probability was presented as Kaplan–Meier plots for overall survival (OS) (Wahby et al., 2020), We filtered out the low-grade cases and not-available cases, For the survival curve of the meta-analysis (Robertson et al., 2017), we dichotomized the low groups and high groups by the median of cell contents of each dataset. We repeated the survival analysis in the TCGA RNA-seq dataset, Memorial Sloan-Kettering Cancer Center (MSKCC) dataset, and several datasets in Gene Expression Omnibus (GEO). All p values were two-sided; p values of <0.05 were considered statistically significant.
Integration and Label Transfer of Single-Cell Data
Our normal bladder epithelial cell scRNA-seq data was mapped to a scRNA-Seq dataset from HRA000212 including eight human BCa samples (Chen et al., 2020). Using the method of integrating multiple single-cell datasets in Seurat v3, shared cell states that exist in different datasets were identified. Anchors were first identified using the integrationanchor function, which accepts a list of Seurat objects as input. The TransferData function was then used to classify the cells in the query data set according to the reference data. TransferData returns a matrix with a prediction id and prediction score (Stuart et al., 2019).
RESULTS
Reference for Normal Bladder Cell-Type Single-Cell Landscape
Based on scRNA-seq data from previous studies, a total of 13,495 cells were included from three samples. Under stringent quality controls, 12,424 high-quality cells were further analyzed. To overcome the confounding batch effects and patient-specific variability in clinical samples, we used differential-expression based clustering (Figure 1A). SCTransform and Mutual Nearest Neighbors (MNN) algorithm (Haghverdi et al., 2018) both demonstrated significant results of eliminating the batch effect (Supplementary Figure S1). We identified 13 cell clusters, and according to the marker genes of each cell type, we assigned 11 cell types identity to clusters: basal cells, fibroblast cells, intermediate cells, umbrella cells, smooth muscle cells, TNNT1+epithelial cells, endothelial cells, monocytes cells, T cells, ADRA2A + interstitial cells, and myofibroblast cells, respectively (Figure 1B). Some differences in cell homogeneity were found between the cell clusters. The top 10 markers for each cell cluster had significant specificity. We further defined each cluster cell by using the classic marker genes, the results also showed consistent specificity (Figure 1C).
[image: Figure 1]FIGURE 1 | A cell census of human bladder cells. (A) Uniform manifold approximation and projection (UMAP) showing the dimensionality reduction of single-cell transcriptomes from the three samples. The cells are colored by their patient sources (left), clusters (middle), or cell types (right). (B) Heat map showing the marker genes of each cluster of all bladder cell types, plot the top 10 markers (or all markers if less than 10) for each cluster. (C) Bubble plot showing expression of specific marker genes across different cell types.
Urothelial carcinoma of the bladder is the most common, accounting for more than 90% of bladder cancer (Saginala et al., 2020). Next step, we extracted epithelial cells for finer clustering. The 7,529 epithelial cells can be partitioned into five sub-clusters annotated as basal cells, intermediate cells, umbrella cells, TNNT1+epithelial cells, and EMT-like cells according to their marker genes (Figure 2A). The top five specific marker genes of the five clusters were identified (Figure 2B). The average fold change of the top 50 DEGs in the five sub-clusters were 1.50; 1.66; 3.91; 2.37, and 3.29, respectively (Figure 2C). The pattern of the last three clusters is more obvious, while the difference of DEGs of the first two subtypes is small.
[image: Figure 2]FIGURE 2 | A cell census of epithelial cells within the human bladder. (A) UMAP plot representation of 7529 epithelial cells and clusters are colored and distinctively labeled. (B) Heat map showing the marker genes of sub-clusters of epithelial cells, plot the top five markers for each cluster. (C) Violin plots showing the average fold change of the top50 DEGs in the five sub-clusters. The average is indicated by dots in each cluster.
Distinct pathways were identified and enriched in five epithelial subtypes (Figure 3A). A subgroup of genes regulated by MYC-1 was upregulated in basal cells; intermediate cells rich in genes were involved in p53 pathways and networks, p53 mutation was significantly associated with muscle-invasive BCa and was a therapeutic target for patients (Chen et al., 2019); TNNT1+epithelial cells were involved in encoding glycolysis and gluconeogenic proteins; umbrella cells were rich in genes regulated by NF-kB in response to TNF, which was associated with immunomodulatory and antitumor pathways in BCa (Ting et al., 2021). It was noteworthy that compared with other clusters, epithelial-mesenchymal transition processes were dominant in EMT-like cells, and this cluster was rich in traditional EMT genes such as VIM, ZEB1, ZEB2 (Figure 3B). According to these analyses, we termed them as EMT-like cells. To further determine the EMT-like cells were not tumor cells, we estimated single-cell copy number variation profiles with the inferCNV algorithm (Puram et al., 2017) (Figure 3C). As genomes of tumor cells are overexpressed or underexpressed compared with normal cells, we could differentiate the malignant cells from the benign by whether their different cell types have large areas of CNV events (Figure 3C). Tumor genomes usually have gains or deletions of entire chromosomes or large segments of chromosomes in comparison to a set of reference “normal” cells. The malignant cells can be identified based on whether their different cell types have large areas of CNV events. We calculated the CNV score of each cell type theoretically. The results showed that the CNV score of EMT-like cells was not significantly higher compared with other cell types, which indicated that the cluster was not a group of tumor cells (Figure 3D).
[image: Figure 3]FIGURE 3 | Characteristics of EMT-like cells (A) Overlaps of the upregulated DEGs of five subtypes on hallmark gene sets. The pathway names are labeled on the left and color-coded by cell types. (B) Bubble plot showing expression of traditional classic EMT marker genes across different epithelial types. (C) Heatmap shows large-scale CNVs for individual cells (rows) from epithelial cells, inferred based on the average expression of 100 genes surrounding each chromosomal position (columns). Red: amplifications; blue: deletions. (D) Histogram shows the distribution of CNV scores (average expression of epithelial marker genes) of various epithelial cell types based on CNV classification. The average is indicated by lines in each cell type.
Revealing the Cell State Composition of Bladder Cancer Using Deconvolution
We investigated the cell lineage of samples in bulk databases to identify the relationship between the BCa cell lineage and the development of normal human bladder cell subtypes. Based on average transcriptomic profiles of cell types identified in scRNA-seq data, we identified specific gene markers of five major epithelial cellular subtypes. The cell-type-derived signatures were then used in the deconvolution analysis of the bladder cancer bulk RNA-seq data from The Cancer Genome Atlas (TCGA) and SKCC dataset (Al-Ahmadie et al., 2016) to compute the fractions of five cell states within each tumor. The results also showed the characteristics of intratumor heterogeneity (Figure 4A). Most TCGA BCa samples had a high proportion of umbrella cells, which were an outermost layer of much larger epithelial cells that changed shape during contraction and distention to protect the bladder. Umbrella cells were indispensable components of epithelial cells (Gallo et al., 2018). On the side, we performed pathway enrichment analysis on GSEA which calculated the overlap of DEGs of each cell subtype on hallmark gene sets, KEGG gene sets, and GO biological process. Pathways that were enriched in umbrella tumor lineages included innate immune response, immune effector proves, response to cytokine, antigen processing and presentation, interferon alpha response, IL2 STAT5 signaling, which are all immune-related, and suggested a positive response to immunotherapy for tumors. Pathways that were significantly enriched in EMT-like tumor lineages included cell migration, TNFA signaling via NF-kB, angiogenesis, hypoxia, and small-cell lung cancer, which are predominantly oncogenic, implying that the EMT-like cell lineage had a promoting effect on tumors. (Figure 4B). These results indicated that different biological processes might implicate in tumor cells with different lineages or transcriptome states.
[image: Figure 4]FIGURE 4 | Repertoire of the phenotypic heterogeneity of BCa and functional enrichment analysis. (A) Stacked bar plot shows the deconvolution result of 412 tumors from the TCGA bladder cancer study. The colors of the bars denote five epithelial cell states as shown in the legend. The y-axis represents the proportion of each state in a given bulk tumor sample. On the x-axis, each column represents one tumor case. The annotation bar on the right denotes the subtypes of bulk tumors that are defined by the dominant cell state within each tumor. (B) Overlaps of the DEGs of EMT-like subtypes and umbrella subtypes on hallmark gene sets, KEGG gene sets, and GO biological process. Only the pathways (rows) that were differentially expressed across different tumor cell lineages are shown. The pathway names are labeled on the left and color-coded by gene sets. The red underlines highlight the pathways that highly associated with patient prognostic significance.
Tumor Stage Associated With Inferred Tumor Cell Lineages
Paired comparison of marker genes between the five groups of epithelial cells showed that the number of DEGs that meet the conditions (p < 0.05 and logFC>0.4) in the combination of basal cells and other four cell lineages: intermediate cells, TNNT1+ epithelial cells, umbrella cells, and EMT were 40; 261; 281; 188, respectively. It was obvious that the number of qualified DEG in basal and intermediate cell group was significantly less than that of the other three groups. This reflected that there was not much difference between basal and intermediate cells. Therefore, we combined the two lineages into one cluster: basal/intermediate cells.
We subsequently examined ITH in cancer staging and its relationship with the inferred tumor cell lineages. Stacking bar and violin plots were used to show the differences in the distribution and content of each cell lineage at different tumor stages. The content of T1–2 stage cells was higher, among which umbrella cells were the most abundant. The content of umbrella cells in T1–2 stage was obviously higher than that in T3–4 stage. On the contrary, EMT-like cells content in T1–2 stage was obviously lower than that in T3–4 stage (Figure 5A). The violin diagram showed the content differences of four cell lines at different tumor stages, and the p values of each group were calculated by rank-sum test. The results showed that there were significant differences in the distribution of each cell lineage in T1–2 and T3–4 stages (p < 0.05). There were also significant differences between basal cells and TNNT1+ epithelial cells in N0 and N phases. Umbrella cells were strongly correlated with lower tumor stage, while EMT-like cells were strongly correlated with higher tumor stage (Figure 5B). Then, we analyzed the correlation between cancer staging and the BCa cell lineages other than epithelial cells using the same method. The results showed that the differences in fibroblasts and smooth muscle cells were also statistically significant. Fibroblasts were associated with higher stages of cancer (Figure 5C). A previous study (Chen et al., 2020) has reported that the fibroblasts were significantly related to poor prognosis in tumor progression which was consistent with our research, further confirming the accuracy of our conclusions.
[image: Figure 5]FIGURE 5 | Diversity in tumor cell lineage compositions links to ITH in cancer staging. (A) The stacked bar plot visualizes the result of differences in the average expression levels of the four epithelial cell lines in 412 TCGA bladder cancer patients with different cancer staging. The y-axis denotes the proportion of the four cell states (colors) across different stages of TCGA tumor samples (rows). We divided T1–2 into T_low, T3–4 into T_high, and the N stage into N0 and above. (B,C) The violin plots for the differences of bladder cancer epithelial cell (B) and fibroblasts and smooth muscle cells (C) lineages in cancer staging. The average is indicated by lines in each stage, colored according to the stages. The p values were calculated by the rank-sum test. All statistically significant p values were marked in the figures, and the degree of the difference in stages of the lineages we are focusing on was identified by ***.
Single-Cell Analysis of Tumor Cell Lineage Compositions With a Significant Survival Difference
Association between BCa epithelial cell lineages and their clinical role were investigated. According to the proportion of the four epithelial cell lineages in TCGA samples obtained by deconvolution, the 405 TCGA BCa patients were divided into four groups of lineages dominated by classifying the patients with any lineage score greater than 0.4, the remaining samples were then classified as mixture. In summary, the five subtypes were basal/intermediate; EMT-like; umbrella, TNNT1+ epithelial, and mixture, respectively. Then we performed correlation analysis with the patient’s overall survival (OS). The results showed that patients in the EMT-like group survived significantly shorter than those in the mixture group, while patients in the umbrella group had a longer OS than those in the mixture group (Figure 6A). In addition, to correct confounding factors, we removed 11 patients with OS for more than 100 months. According to the median cell content of each subtype, we divided the 394 TCGA BCa patients into the different high and low groups. The comparison of the OS of each group showed that the umbrella lineage was positively associated with the overall survival, while the EMT-like lineage was significantly associated with a poor prognosis (Figure 6B). We also evaluated the prognostic significance in MSKCC BCa cohorts, totaling 25 patients. Consistent conclusions were validated that the umbrella lineage was associated with a better prognosis (Figure 6C). This demonstrated that deconvolution analysis using the identified panel of genes is strongly predictive of prognosis in BCa.
[image: Figure 6]FIGURE 6 | Correlation between the tumor cell lineage and patient survival. (A) Kaplan–Meier curves show the effect of the five subtypes scores on survival in TCGA. Each short vertical line indicates a censoring event. (B) Kaplan–Meier curves show the effect of the umbrella cells and EMT-like cell scores on survival in TCGA. Patients are dichotomized into high/low by the median of the umbrella cells and EMT-like cell scores in each dataset. (C) Kaplan–Meier curves show the effect of the umbrella cell scores on survival in MSKCC as in (B).
To further validate the influence of the EMT-like subtype on the degree of tumor differentiation, we analyzed its relationship with tumor grade. Firstly, we mapped our normal bladder scRNA-seq data to a scRNA-Seq dataset from eight bladder cancer samples including 20,380 high-grade samples and 9,910 low-grade samples. Then, we used the Label Transfer method to calculate the cell lineage composition of the tumor samples and combined them with the tumor grade information (Figure 7A). The results showed that the proportion of EMT-like cells in high-grade tumors was higher than that in low-grade tumors (Figure 7B), suggesting that EMT-like subtypes play a positive role in the occurrence of tumors.
[image: Figure 7]FIGURE 7 | The EMT-like subtype is correlated with high-grade tumors. (A) UMAP plot showing unbiased clustering analysis of the predicted cell types on eight tumor samples. Each dot of the UMAP plot represents a single cell. Cells are color-coded for their associated cell types. (B) Boxplot showing the percentage of the EMT-like subtype in high-grade tumor cells was higher than that in low-grade tumor cells. The average is indicated by lines in each subtype.
DISCUSSION
Bladder cancer has a higher progression and recurrence rates than other tumors in the urinary system (Robertson et al., 2020), which increases not only the physical and mental suffering but also the economic burden of patients (Lavdaniti and Zyga, 2017). ITH is a fundamental property of bladder cancer and is a major obstacle to improving patient outcomes, in case, it is particularly important to investigate the heterogeneity of bladder cancer cell lineage.
In this study, we performed deep single-cell RNA-seq of 12,424 cells from the normal bladder, we identified eleven cell types and five epithelial sub-population, including basal cells, intermediate cells, umbrella cells, TNNT1+epithelial cells, and EMT-like cells with specific marker genes for each cluster. We constructed a complete bladder single-cell transcriptome map. Then, we used deconvolution analysis to estimate the cell types and epithelial lineages in the bulk RNA sequencing cohort and subsequently calculate the composition of bladder cancer epithelial lineages of each sample. We used the bladder cell signature gene expression profiling as a reference of FARDEEP. There are many recently developed methods that use scRNA-seq data as a reference (e.g., DWLS, MuSiC) (Tsoucas et al., 2019; Avila Cobos et al., 2020). It is worth exploring the option to evaluate different calculation methods to select a scheme that maximizes its performance.
Based on the bladder cancer ITH, we integrated tumor lineages with clinical data of bulk datasets and further identified cancer subtypes with clinical implications. We identified that most of the subtypes of bladder cancer had statistical differences in T and N stages, in which EMT-like cells were widely found in T3–4 (59%), but less in T1–2 (41%). On the contrary, umbrella cell subtypes widely existed in T1–2 (73%), but less in T3–4 (27%). In addition, the proportion of EMT-like subtypes in high-grade tumors was higher than that in low-grade tumors. Similarly, in the survival analysis, EMT-like subtypes were associated with poor prognosis and umbrella cell subtypes were associated with longer survival time. The EMT-like subtypes are widely enriched in some pathways related to carcinogenic factors, such as cell migration, TNFA signaling, angiogenesis, and hypoxia; umbrella subtypes are widely enriched in immune-related pathways, such as immune effector proves, response to cytokine, antigen processing and presentation, and IL2 STAT5 signaling; these factors are all related to cancer suppression. These biological programs explained the internal mechanism of how the cancer lineage directed the tumor progression and patient prognosis. Our research showed that BCa tumor overall survival can be predicted based on normal bladder cell types and epithelial lineages. However, our research focuses on epithelial cells of bladder, so we need larger cohorts to cover the heterogeneity of all BCa subtypes.
In conclusion, our single-cell analysis illustrated the cellular landscape of the human bladder and provided a benchmark dataset of normal bladder single cells to study the cell lineages of bladder cancer. The combined analysis of single-cell RNA data and bulk transcriptome data revealed the relationship between cell subtypes and tumor cell lineages and identified cancer subtypes with important prognostic implications.
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Liver cancer is the fifth most prevalent malignant tumor, while hepatocellular carcinoma represents the most prevalent subtype worldwide. Previous studies have associated the chromobox family, critical components of epigenetic regulatory complexes, with development of many malignancies owing to their role in inhibiting differentiation and promoting proliferation of cancer cells. However, little is known regarding their function in development and progression of hepatocellular carcinoma. In the present study, we analyzed differential expression, prognostic value, immune cell infiltration, and gene pathway enrichment of chromobox family in hepatocellular carcinoma patients. Next, we performed Pearson’s correlation analysis to determine the relationships between chromobox family proteins with tumor-immune infiltration. Results revealed that high expression of CBX1, CBX2, CBX3, CBX6, and CBX8 was associated with poor survival rates of hepatocellular carcinoma patients. These five factors were used to build prognostic gene models using LASSO Cox regression analysis. Results indicated that high expression of CBX2 and CBX3 proteins was significantly associated with poor prognosis for hepatocellular carcinoma patients. The resulting nomogram revealed that CBX3 and T stages were significantly correlated with prognosis of hepatocellular carcinoma patients. Notably, predictive CBX3 was strongly correlated with immune cell infiltration. Furthermore, results from functional enrichment analysis revealed that CBX3 was mainly involved in regulation of methylation of Histone H3-K27. Collectively, these findings suggest that CBX3 could be a biomarker for predicting prognosis of hepatocellular carcinoma patients.
Keywords: chromobox family, hepatocellular carcinoma, prognosis, nomogram, immune infiltration
1 INTRODUCTION
Liver cancer (LC) is the fourth leading cause of cancer-related deaths worldwide (Llovet et al., 2021; Siegel et al., 2021). Hepatocellular carcinoma (HCC) is the second highest cause of cancer-related deaths globally, accounting for 85–90% of all primary liver malignancies (Bosch et al., 2005). Although alpha fetoprotein (AFP) has low specificity as a serologic diagnostic marker for hepatocellular carcinoma, its sensitivity remains relatively high (around 60%) (Trevisani et al., 2001). Previous studies have reported use of tumor stage in HCC prognosis, with curative therapies for early-stage HCC providing a 5-year survival rate of more than 70% (Llovet et al., 2016; Villanueva, 2019). However, most HCC patients are diagnosed during the late stage of disease development. Notably, prognosis of HCC patients has markedly improved due to advancements in surgical procedures coupled with the use of targeted medications. On the other hand, the median survival rate for asymptomatic advanced cases undergoing systemic therapy is 1–1.5 years (Llovet et al., 2008; Kudo et al., 2018). Therefore, early detection, coupled with use of effective therapy, and prognostic assessment of HCC cases are critical to effective management of the disease.
To date, up to eight members of the CBX family have been discovered in the human genome. CBX family proteins can be classified into two categories based on their molecular structure. Each of these can be further stratified into two subgroups, namely the heterochromatin protein 1 (HP1) (which includes CBX1, CBX3, and CBX5) and the polycomb (Pc) (which comprises CBX2, CBX4, CBX6, CBX7, and CBX8) groups. Specifically, the chromobox (CBX) family proteins represents typical members of the Pc group complex that regulate heterochromatin control, gene expression, and developmental programs (Desai and Pethe, 2020). Previous studies have shown that the HP1 group comprises both N-terminal and a C-terminal chromosome structural domains, whereas the PC group only contains a conserved N-terminal chromosome structural domain (Wotton and Merrill, 2007).
Numerous studies have described the role of members of the CBX family in malignancies of the brain and central nervous cancer (Duan et al., 2018), breast cancer (Iqbal et al., 2021), colorectal cancer (Wang et al., 2016), head and neck cancer (Wang et al., 2017) and sarcoma (Zhou et al., 2021). However, information on their function in HCC is dearth. The Most of the studies have focused on single nucleotide polymorphisms of CBX4 and CBX7 and their association with reduced risk of hepatocellular carcinoma (Tan et al., 2019). Previous research evidence demonstrated that CBX 1/2/3/6/8 is an independent predictor of survival HCC patients (Ning et al., 2018), whereas CBX4 was found to stimulate angiogenesis in HCC via its SUMO E3 ligase activity (Li et al., 2014). To date, however, the role of various members of the CBX family in development and progression of HCC remains unknown. Here, we analyzed expression and mutations across various members of the CBX family members in HCC patients, as well as their relationships to clinical indicators, with a view of elucidating their roles in development and progression of the disease.
2 MATERIALS AND METHODS
2.1 Gene Expression Profiling Interactive Analysis (GEPIA)
We employed the GEPIA database (http://gepia.cancer-pku.cn/index.html) to analyze differential gene expression between HCC and normal liver tissues, as well as pathological stage and correlative prognosis analyses Comparisons in expression and pathological stages, between HCC and control groups, were calculated using the Student’s t-test.
2.2 Survival Analysis
Raw RNA-sequencing data (level 3) and corresponding clinical information for liver cancer patients were obtained from The Cancer Genome Atlas (TCGA) dataset (https://portal.gdc.cancer.gov/). Acquisition and application of the datasets were performed in accordance with the guidelines and policies. Next, we performed Kaplan-Meier (KM) survival analysis, with log-rank test, to compare differences in the survival between the two groups. p-values and hazard ratios (HR), with 95% confidence interval (CI), were generated by log-rank tests and univariate Cox proportional hazards regression. All analyses were performed using packages implemented in R software version v4.0.3 (The R Foundation for Statistical Computing, 2020), and data followed by p < 0.05 considered statistically significant.
2.3 Development of CBXs Prognostic Signature
The raw counts of RNA-sequencing data (level 3) and accompanying clinical data from HCC patients were collected from TCGA dataset (https://portal.gdc.cancer.gov/) in accordance with the rules and regulations. Additionally, the KM survival analysis combined with the log-rank test was utilized to examine the survival difference between two or more groups. To assess the prediction accuracy of each gene and risk score, a time receiver operating characteristic (ROC) (v 0.4) analysis was done. The above study employs the least absolute shrinkage and selection operator (LASSO) regression approach for feature selection, as well as 10-fold cross-validation (v 4.1–1). LASSO is a well-known machine learning method that has been widely used in medical research (Liu et al., 2021; Liu et al., 2022a; Liu et al., 2022b; Liu et al., 2022c; Liu et al., 2022d).
For Kaplan–Meier curves, log-rank tests and univariate Cox proportional hazards regression were used to provide p-values and HR with 95 CI. All analytical procedures and R packages described above were carried out using R version 4.0.3. (The R Foundation for Statistical Computing, 2020). Statistical significance was defined as p < 0.05.
Univariate and multivariate cox regression analyses were performed to identify the optimal terms for building the nomogram. We also generated a forest plot to show the p value, HR and 95% CI of each variable using the “forestplot” package in R. Results from multivariate Cox proportional hazards analysis were used to develop the nomogram and predict the X-year overall recurrence. The nomogram provided a graphical representation of the factors, which were subsequently used to calculate the risk of recurrence for an individual patient by the points associated with each risk factor using the “rms” package in R.
2.4 Correlation Between CBX3 Expression and Immune Infiltration
We employed the TIMER database (https://cistrome.shinyapps.io/timer/), a user-friendly web interface that contains six primary analytical modules, for systematic evaluation of immune cell infiltration and clinical impact. We chose CBX3 as the input, using the “Gene module,” then generated scatterplots to visualize the relationship between its expression and the level of immune infiltration in LC.
2.5 The Human Protein Atlas
We utilized the single cell dataset from The Human Protein Atlas (HPA; http://www.proteinatlas.org/) database to determine expression patterns of CBX3 in HCC RNAseq data for CBX3 were utilized to cluster genes, based on expression levels of distinct samples, then the generated clusters manually annotated to describe common aspects in terms of function and specificity. Cluster annotation was combined with confidence scores assigned to the gene of that cluster. The confidence score was calculated as the number of times that gene was allocated to that cluster in a repeated count, and was represented by a value between 0 and 1, where 1 is the greatest attainable confidence level. Clustering results were presented in a Uniform Manifold Approximation and Projection (UMAP), with each cluster emphasizing a colored zone in which most of the grouped genes were allocated.
Next, we determined expression patterns of CBX3 mRNAs and proteins using cell cycle-dependent tests by labeling U-2 OS FUCCI (fluorescence-inactivated cell cycle indicator) cell lines, computational models of cell cycle location, or localization to cell cycle-dependent compartments.
2.6 Analysis of Protein-Protein Interaction (PPI)
We utilized GeneMANIA (http://www.genemania.org), which uses a high-precision prediction algorithm to evaluate gene lists and prioritize genes for functional testing, to identify variables that show CBX3’s predictive value. Also, we employed the STRING database (https://string-db.org/) to generate a protein-protein interaction (PPI) network targeting CBX3. Next, we performed analysis of Gene Ontology (GO) terms for CBX3 using STRING’s analysis module.
2.7 Oncomine
Expression profiles of mRNAs of distinct members of the CBX family across various cancer types were determined via the Oncomine database (www.oncomine.org), a publicly accessible online tool that allows for genome-wide expression using microarray cancer datasets. In this study, p < 0.05, a fold change of 2, and a gene rank in the top 10% were considered statistically significant thresholds. Differences in CBXs expression between two groups in LC were determined using a Student’s t-test.
2.8 cBioPortal
Genetic changes and analysis of the network module for CBXs from cBioPortal (www.cbioportal.org) were analyzed via the TCGA database. Next, we employed the survival analysis module to examine variations in overall survival (OS) and disease free survival (DFS) survival rates between CBX3 mutant and unmutated groups.
2.9 Genomics of Drug Sensitivity in Cancer
The TCGA dataset (https://portal.gdc.com) was used to retrieve RNA-sequencing expression (level 3) profiles and associated clinical information for HCC. Based on the biggest publicly accessible pharmacogenomics database [the Genomics of Drug Sensitivity in Cancer (GDSC), https://www.cancerrxgene.org/], we predicted the chemotherapeutic response for each sample. The R package “pRRophetic” was used to build the prediction procedure. The half-maximal inhibitory concentration (IC50) of each sample was determined using ridge regression. Every parameter was set to its default value. The batch impact of battle and the tissue type of all tissues were used to calculate the mean value of duplicate gene expression.
The R Foundation for Statistical Computing (2020) version 4.0.3 was used to implement all of the aforementioned analysis techniques and the R package.
3 RESULTS
3.1 Differential Expression of CBXs in HCC Patients
We used GEPIA to compare expression levels of CBX mRNAs between HCC (n = 369) with normal adjacent liver (n = 160) tissues and found that CBX1 and CBX8 were significantly upregulated in tumor, relative to normal tissues. However, there was no significant change in CBX2-7 expression between HCC and normal tissues (Figure 1A). Next, we examined the relationship between differential CBX expression with clinical stages of HCC patients, and found significant variations in CBX1, CBX2, CBX3, and CBX5 groups, but no significant changes in CBX4, CBX6, CBX7, and CBX8 groups (Figure 1B). These findings suggested that CBX1 may be involved in carcinogenesis and development of HCC. Notably, we found significant differential expression I proteins of all members of the CBX family. Moreover, CBX1/3/4/5/8 was significantly upregulated, whereas CBX6/7 was significantly downregulated in HCC, relative to normal tissues. However, we obtained no data on CBX2 expression (Fig, 1C).
[image: Figure 1]FIGURE 1 | (A) CBXs are expressed in HCC (GEPIA). The scatter diagram indicated that CBX1 and CBX8 expression levels were significantly greater in HCC tissues than in normal tissues (p < 0.05) (B) Correlations between CBX expression and tumor stage in patients with head and neck cancer (GEPIA). CBX1/2/3/5 expression was shown to be significantly linked with the clinical stage of HCC patients (p < 0.05). (C) Using the CPTAC dataset, we further compared the expression of CBXs total protein in normal and primary HCC tissue. ***p < 0.001.
3.2 Prognostic Value of CBX Expression in HCC Patients
We determined the relationship between mRNA expression of distinct CBXs with clinical outcomes, with a view of understanding their role in HCC progression. A summary of clinical characteristics of TCGA-HCC patients is outlined in Table 1, while the OS curves are depicted in Figure 2. Summarily, expression of CBX1, CBX2, CBX3, CBX6, and CBX8 was significantly associated with OS (CBX1: p = 0.001, HR = 1.78; CBX2: p = 0.013, HR = 1.55; CBX3: p = 0.001, HR = 1.78; CBX6: p = 0.038, HR = 1.45; CBX8: p = 0.028, HR = 1.47). On the other hand, CBX1/2/3/6/8 overexpression was significantly associated with poor OS of patients.
TABLE 1 | Clinical information for patients with TCGA-HCC.
[image: Table 1][image: Figure 2]FIGURE 2 | The prognostic significance of unique CBX family members’ mRNA expression in HCC. Patients with HCC who had elevated CBX1/2/3/6/8 transcriptional levels had a substantially shorter OS (p < 0.05).
3.3 Construction of a CBX-Related Prognostic Model
LASSO is a regression-based methodology that allows for the inclusion of a high number of covariates in the model, and crucially has the unique property of penalizing the absolute magnitude of a regression coefficient, thereby limiting the impact of a coefficient on the entire regression. A higher penalty results in a dramatic drop of coefficients, until it reaches zero, so automatically deleting superfluous/influential variables (Efron et al., 2004; Bickel et al., 2009; Lee et al., 2016). In the present study, we obtained five genes with prognostic significance. Their Kaplan–Meier survival curves are depicted in Figure 2. Next, we incorporated these genes in LASSO Cox regression to develop a prognostic model (Figures 3A,B), and calculated their risk scores as follows (0.3322)∗CBX2+(0.2664)∗CBX3. Next, we used the median risk score to stratify LC patients into two groups. Risk score distribution, survival status, and expression profiles of these two genes are presented in Figure 3C. Interestingly, a higher risk score was associated with an increase in mortality rates and shorter time to death in patients (Figure 3C). Kaplan–Meier curves demonstrated that HCC patients in the high-risk group had significantly lower OS rates than those in the low-risk group (median time = 3.1 vs 5.8 years, p = 7.38e-05, Figure 3D). The area under the curves (AUC) of the ROC were 0.753, 0.68, and 0.648 for 1-, 3-, and 5-year survival, respectively (Figure 3E).
[image: Figure 3]FIGURE 3 | (A) The five CBXs’ LASSO coefficient profiles (B) Plots of the cross-validation error rates tenfold. (C) Risk score distribution, survival status, and expression of five prognostic CBXs in HCC (D,E) Overall survival curves for HCC patients classified as high- or low-risk, as well as the receiver operating characteristic (ROC) curve used to determine predictive value.
3.4 Nomogram for Predicting HCC
We used patients’ clinicopathologic features and the aforementioned five prognostic CBX genes to build a nomogram for predicting survival of HCC patients. Results from univariate and multivariate analyses revealed that CBX3 expression and pT stage were independent predictors for prognosis of HCC patients (Figures 4A,B). Notably, the nomogram had excellent value in predicting 1-,2- and 3-year overall survival rates of patients, relative to an ideal model in the entire cohort (Figures 4C,D).
[image: Figure 4]FIGURE 4 | (A,B) Hazard ratios and p values for the components included in univariate and multivariate Cox regression analyses of HCC clinical variables and five prognostic CBXs. (C,D) Nomogram to estimate the overall survival rate of HCC patients at one, three, and 5 years. Calibration curve for the discovery group’s overall survival nomogram model. The ideal nomogram is shown by a dashed diagonal line.
3.5 Relationship Between CBX3 Expression With Immune Cell Infiltration in HCC Patients
Results from the HPA database revealed that upregulation of CBX3 was significantly associated with immune cell infiltration, most in B and T cells (Figure 5A). Analysis based on the TIMER database also successfully revealed the relationship between CBX3 expression and immune cell infiltration (Figures 5B,C). Particularly, CBX3 expression was associated with infiltration of CD4+ T cells, neutrophils, B cells, macrophages, neutrophils, and dendritic cells in HCC. Results from both databases were generally consistent, indicating that CBX3 expression was closely associated with immune infiltration.
[image: Figure 5]FIGURE 5 | (A) CBX3 and liver single cell sequencing results (HPA) (B) The relationship between the number of immune cells and CBX3 expression. (C) A heatmap depicting the number of immune cells and CBX3 expression.
3.6 Expression and Interaction Analyses of CBX3
The PPI network revealed 11 nodes and 13 edges (p = 7.04e-07; Figure 6A). Notably, differential expression of CBX3 was significantly associated with transcriptional regulation by E2F6 (p = 1.45e-07). Meanwhile, Gene Ontology terms revealed that CBX3 was mainly involved in Histone H3-K27 methylation (Biological Process: p = 0.0132; Molecular Function: p = 0.0493). Other GO terms indicated that it also played a role in the nucleus. Results from GeneMANIA showed that the differentially expressed CBX3 and their associated molecules, including KMT5C, LBR, MKI67, SYAP1 and SP100 (Figure 6B), were mainly involved in regulation of heterochromatin, chromosome, nuclear chromatin and methylation-dependent protein binding (Table 2).
[image: Figure 6]FIGURE 6 | Protein–protein interaction network of different expressed CBX3 (A) STRING (https://string-db.org/) (B) GeneMANIA (http://www.genemania.org).
TABLE 2 | CBX3-related GO analysis (STRING).
[image: Table 2]4 DISCUSSION
Controlling gene expression precisely is critical for cell function. Although transcription is ultimately guided by DNA-binding transcription factors, it is also necessary for chromatin and histone post-translational modification. Eight CBX proteins have been found in the human genome, all of which have a similar chemical structure and contain a single N-terminal chromodomain. All of the CBX proteins are involved in heterochromatin control, gene expression, and developmental programs. CBX2, CBX4, CBX6, CBX7, and CBX8 are conventional PRC1 components that cooperate with PRC2 to regulate gene expression. PRC1 CBX protein components identify and bind to H3K27me3 mediated by PRC2, hence recruiting PRC1 to transcriptionally regulated target genes. The remaining three CBX proteins (CBX1, 3, and 5) are referred to as heterochromatin protein 1 (HP1), HP1 (HP1), and HP1 (HP1). They (CBX1, 3, and 5) are heterochromatin protein 1 (HP1) complex-associated methyl readers that decode H3K9me3 marks generated by H3K9 methyltransferases (van Wijnen et al., 2021). Using nonhomologous protein sequences, unique polycomb group CBX proteins were associated with diverse areas of chromatin, implying that each polycomb group protein has a distinctive target. Notably, members of the CBX family have been implicated in the development of a range of malignancies, including HCC (Supplementary Figure S1) (Kulis and Esteller, 2010). Despite the fact that numerous members of the CBX family have been implicated in the development of HCC, the precise functions of others remain uncertain. The primary goal of this work was to examine the expression patterns, prognostic value, and immune infiltration of several CBX family members in HCC and to develop a nomogram model to improve patient prognosis.
Our findings indicated that CBX1 and CBX8 mRNAs were significantly upregulated in HCC tumor, relative to adjacent normal, tissues. Apart from CBX2, whose data was missing, all other CBX family proteins were significantly differentially expressed between tumor and normal tissues in HCC patients. Moreover, CBX1/3/4/5/8 was significantly upregulated in tumor, relative to normal tissues, which was consistent with the trend of expression observed in the TGCA database. The expression pattern for CBX1/3/4/5/8 proteins was also consistent with findings from previous studies (Jiao et al., 2015; Yang et al., 2018; Tang et al., 2019; Zhong et al., 2019). Although expression of CBX6/7 proteins were significantly upregulated in tumor tissues, its mRNA levels were almost similar between tumor and normal tissues based on the TCGA database. There was no consistency between mRNA and protein expression for this factor. Our results on CBX6 protein expression were in contrast to previous findings (Wang et al., 2020a), thus datasets from larger clinical trials are required to validate this phenomenon. Expression of CBX1/2/3/5 mRNA was significantly associated with each patient’s cancer stage, suggesting that it be playing a crucial role in HCC progression. Based on this, we hypothesize that the HP1 subtype plays a direct role in HCC progression. Additionally, CBX4 and CBX8 of the Pc subtype may exert their effects on HCC via post-transcriptional changes such as phosphorylation and sumoylation (Zhan et al., 2018; Wang et al., 2020b). The particular mechanism via which the Pc subtype affects HCC requires experimental confirmation. To summarize, the CBX family was expressed significantly differentially in HCC, and the trend of expression of the eight CBX families were inconsistent. The mechanism by which the CBX family is involved in HCC requires further investigation.
Our results further indicated that expression of members of the CBX family was strongly associated with prognosis of HCC patients. Moreover, expression of CBX1/2/3/6/8 was significantly associated with prognosis of HCC patients, with its upregulation correlated with poor OS rates. Considering the high expression of members of the CBXs family in HCC, we postulate that CBX1/2/3/8 and CBX6 are oncogenes. Results from LASSO regression analysis indicate that CBX2 and CBX3 were more essential for survival of HCC patients than the other five genes. Additionally, CBX2 and CBX3 acted as oncogenes in HCC, as illustrated in Figure 3B. This result was consistent with our preceding conclusion.
There was a significant association between the CBXs family and the prognosis of HCC. Using LASSO regression, we determined that CBX2 and CBX3 were more essential for survival prognosis than the other five genes. Additionally, as illustrated in Figure 3B, CBX2 and CBX3 operate as oncogenes in HCC. This finding is completely consistent with the prior conclusion. The Nomogram supports our hypothesis that CBX3 expression and T-stage together have an effect on the OS prognosis of HCC, that CBX3 has a significantly bigger effect on HCC than T-stage, and that CBX3 will function as an independent prognostic biomarker for HCC. Simultaneously, we validated our results against a variety of other databases (Supplementary Figure S5). However, we discovered no statistically significant relationship between the N and M phases and the prognosis of HCC, which spreads primarily through hematologic metastasis and extremely rarely via lymph node metastasis. Although lymph nodes are the second site of extrahepatic metastasis in hepatocellular carcinoma, their rarity in HCC may explain why HCC is not associated with N stage (Liang et al., 2022). Intrahepatic metastasis was the most frequent kind of metastasis in HCC, while extrahepatic metastasis was less frequent. There were four patients with M1 and nine individuals with Mx in TGCA-HCC (Table 1). Inadequate data may skew the outcomes. This study contains several flaws. TGCA-HCC did not include liver function or vascular invasion (Bruix et al., 2016). These two indicators have a strong predictive value for the prognosis of HCC. Investigators should incorporate liver function and vascular invasion in subsequent big clinical trials. This has a stronger bearing on clinical work.
After identifying CBX3 as an independent prognostic factor for HCC, we analyzed its role in patient prognosis. Firstly, we eliminated the idea that CBX3 was mutating and impacting HCC development. We detected CBX3 mutations in 1.6% of the 366 HCC patients, but found no statistically significant differences in outcome between persons with and without CBX3 mutations (Supplementary Figure S2A). Further analysis indicated that CBX3 mutations did not appear to play a role in HCC progression (Supplementary Figure S2B, C). Next, we employed the HPA database to analyze the relationship between CBX3 expression and immune cell infiltration and found that CBX3 was significantly upregulated in immune cells relative to other members of the CBX family (Supplementary Figure S3). Moreover, CBX5 was dramatically elevated in T cells, but remained significantly downregulated relative to CBX3. Secondly, we found that CBX3 was significantly upregulated in immune cells relative to other cell subpopulations, with B cells and T cells being the most abundant. Results from the TIMER database indicated that CBX3 expression was strongly correlated with B- and DC-cell infiltration. Notably, CBX3 most likely affected the microenvironment of HCC tumors via B cells, CD4+ T cells, and DC cells. Recent research targeting HCC and TME have demonstrated that both CD4+ and CD8+ T cells possess anticancer potential. In fact, researchers have proved that CD8+ T cells and the widely used PD-1 therapy significantly improve prognosis of HCC patients (Iwai et al., 2002), whereas CD4+ T cells are also components of activated CD8+ T cells (Borst et al., 2018). Collectively, these findings demonstrated the crucial role played by T cells in the immunological treatment of HCC, which has subsequently expanded the use of DC cells in liver immunotherapy. A combination of DC immunization and PD-L1 inhibitors has shown promise as a novel treatment approach for HCC (Teng et al., 2020). In fact, a dose-dependent concentration of this regimen resulted in significantly longer overall survival, decreased tumor volume, and increased tumor cell apoptosis in mice relative to either treatment alone (Teng et al., 2020). This was achieved by inducing a stronger anti-tumor cytotoxic T cell response. Results of the present study indicated that CBX3 expression was strongly correlated with infiltration of DC cells, suggesting that CBX3 may be a key target for future development of DC cells in hepatocellular carcinoma. However, there was a substantial link between CBX3 expression and B cells, although there are diverse opinions regarding the role of B cells in HCC. While B cells have been shown to promote CTL activity through secretion of cytokines, cytokines released by B cells reportedly promote angiogenesis and tumor formation (de Visser et al., 2005; Tsou et al., 2016). Immunotherapy is expected to drastically improve prognosis of HCC patients in the near future.
Since proteins represent the primary mode of execution for CBX family functions, we analyzed expression of proteins known to interact with CBX3. Results indicated that CBX3 has a strong affinity for the CBX and HIST families. Notably, CBX3 was expressed in the nucleus, and is a member of the HP1 subfamily of the CBX family (Supplementary Figure S4A). Previous studies have shown that HP1 proteins directly interact with the methylated H3K9 promoter region, thereby regulating chromatin, gene expression, and growth and development (Lomberk et al., 2006; Bot et al., 2017). Additional research evidences have associated aberrant expression of members of the HP1 group with progression of several human diseases and malignancies (Thorne et al., 2012; Slezak et al., 2013). In the present study, GO terms revealed that CBX3 was not only involved in nuclear chromatin regulation and Histone methyltransferase activity, but also played a role in regulation of the cell cycle (Supplementary Figure S4B). Moreover, CBX3 was not only highly expressed in the G1 phase but also acted as a barrier to cell progression from the G0 to the G1 phase (Supplementary Figure S4C, D). Therefore, CBX3’s unique and central biological functions suggests its potential as a target for development of treatment therapies for HCC patients.
Currently, HCC is mostly treated with three types of drugs. Chemotherapy is predominantly FOLFOX4, targeted treatment is predominantly sorafenib, and immunotherapy is either atenizumab plus bevacizumab or sindilizumab plus bevacizumab. The website GDSC estimated the sensitivity of CBX3high HCC patients to standard chemotherapy and targeted therapies (Supplementary Figure S6). As can be shown in Supplementary Fig. 6D, CBX3high HCC patients were responsive to sorafenib but insensitive to platinum chemotherapeutic treatments (Supplementary Figure S6A). As a result, platinum chemotherapy agents should be considered when treating CBX3high HCC patients with the usual FOLFOX4 regimen. Sorafenib was indicated for CBX3high HCC patients.
In conclusion, CBX3 is an independent prognostic factor for HCC. Functionally, it inhibits development of HCC tumor via immune cell infiltration. Overall, these findings indicate that CBX3 is a novel biomarker for hepatocellular carcinoma, and a potential target for future development of therapies for HCC treatment.
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Kinesin superfamily member 2C (KIF2C) is an essential regulator of the cell cycle and its aberrant expression can promote tumor progression. However, the mechanism of KIF2C in pan-cancer is unclear.Data were obtained from public databases, including The Cancer Genome Atlas (TCGA), UALCAN, TIMER and CellMiner. The data came from public databases such as The Cancer Genome Atlas (TCGA), UALCAN, TIMER, and CellMiner. We analyzed the correlation of KIF2C with expression, prognosis, tumor mutation burden (TMB), microsatellite instability (MSI), mismatch repairs (MMR), immune infiltration and anticancer drug sensitivity by R language.KIF2C was highly expressed in several tumors and correlated with poor prognosis. KIF2C expression was significantly correlated with TMB, MSI, MMRs, and immune checkpoint genes, and with the level of immune cell infiltration such as tumor-associated macrophage (TAM), cancer-associated fibroblasts (CAFs), myeloid-derived suppressor cells (MDSCs) and Tregs. The GO and KEGG results suggest that KIF2C is involved in immune regulation in addition to cell cycle regulation.In addition, KIF2C is associated with DNA methylation, m6A modifications and m7G modifications. Our data suggest that KIF2C is a prognostic biomarker linked to immunosuppression, targeting KIF2C may improve the outcome of immunotherapy. Our findings indicate that KIF2C is a prognostic biomarker associated with immunosuppression, and that targeting KIF2C may improve the outcome of immunotherapy.
Keywords: KIF2C, pan-cancer, tumor microenvironment, immunotherapy, biomarker
INTRODUCTION
The Kinesin-13 Family, which includes KIF2A, KIF2B, KIF2C, and KIF24, is engaged in mitotic regulation (Lucanus and Yip, 2018). KIF2C (Kinesin superfamily member 2C) is the most characteristic member of the Kinesin-13 family (Rath and Kozielski, 2012). By regulating microtubule dynamics, KIF2C performs many functions in spindle assembly, sister chromatid separation, and error correction. However, in tumor cells, the regulation of KIF2C is disturbed and instead enhances mitotic defects and promotes tumor progression (Ritter et al., 2016).Previous studies have shown that KIF2C is overexpressed in some tumors and promotes their progression (Eichenlaub-Ritter, 2015). In cervical cancer (CC), KIF2C promotes its proliferation by inhibiting the P53 pathway (Yang et al., 2022). KIF2C is upregulated in endometrial cancer (EC), which can cause a malignant phenotype in EC and negatively correlates with CD8T cells, which have cancer suppressive effects (An et al., 2021). In hepatocellular carcinoma (HCC), KIF2C can promote epithelial-mesenchymal transition (EMT) for HCC progression (Mo et al., 2022). Through the TGF-1/Smad signaling pathway, KIF2C promotes thyroid cancer proliferation and migration (Lin et al., 2021). The above studies suggest that KIF2C acts as an oncogene and is associated with immune infiltration.Nevertheless, the mechanism of KIF2C in pan-cancer is poorly understood and needs to be studied systematically.
Tumor microenvironment influences tumorigenesis, proliferation and patient prognosis (Quail and Joyce, 2013).TME contains a variety of cell types such as tumor cells, immune cells, stromal cells, etc. Previous studies have shown that Tregs and TAMs in TME can impede anti-tumor immune function and thus promote tumor progression. (Petitprez et al., 2020). Soluble factors secreted by tumor or stromal cells can also induce the development of immune resistance, such as TGFβ, FGF2, and PDGF secreted by CAFs (Sadeghi Rad et al., 2021). Therefore, it is crucial to explore a new marker to improve the effectiveness of immunotherapy.
In this work, we investigated the prognosis of KIF2C in pan-cancer and its relationship with immune infiltration, and found that KIF2C was associated with cell cycle after enrichment analysis, and finally, we investigated the correlation between KIF2C expression and anticancer drug sensitivity. Our study demonstrates that KIF2C can serve as a prognostic marker in several tumors. They are correlated with immune infiltration and may be promising targets for enhancing the curative effect of immunotherapy.
MATERIALS AND METHODS
The Cancer Genome Atlas
TCGA is a public platform containing oncogene information. The expression data, TMB data, MSI data and clinical data of TCGA for 33 tumor types can be downloaded through UCSC Xena online database (https://xenabrowser.net/) (Goldman et al., 2020). The abbreviations and meanings of the 33 tumor types are given in the Supplementary Table S1.
UALCAN
UALCAN (http://ualcan.path.uab.edu) (Chen et al., 2019) is an online database that allows the analysis of gene expression data from TCGA. In the current study, we evaluated protein expression levels of KIF2C in LIHC using the “CPTAC analysis” module.
Tumor Immune Estimation Resource 2.0
TIMER 2.0 (http://timer.cistrome.org/) (Li et al., 2017) is a database that allows the analysis of immune infiltration in different tumor types. In this study, the differential expression of KIF2C in tumor and normal tissues was performed by the “Gene_DE” module, the correlation of KIF2C expression with the level of immune infiltration in 33 tumor types was visualized by the “Gene” module, and the prognosis of KIF2C expression and immune cell infiltration was analyzed by the “Outcome” module. Finally, the “Correlation” module was used to analyze the relationship between KIF2C expression and immune marker subgroups in KIRC, LGG, LIHC and TYHM.
Gene Enrichment Analysis
GO and KEGG enrichment analysis can be used as a way to explore gene function. In this study, we divided the expression of KIF2C into high and low groups according to the median and then performed enrichment analysis using clusterprofiler in R.
Drug Sensitivity Analysis
CellMiner (Shankavaram et al., 2009; Reinhold et al., 2012)is a database that integrates molecular and pharmacological data from NCI-60 cancer cell lines. Data on drug sensitivity was obtained from CellMiner, p <0.05 was used as a screening condition and correlation analysis was performed by the spearman’s test. Computational Analysis of Resistance (CARE) (Jiang et al., 2018)is a database that can be used to calculate CARE scores to predict the correlation between target genes and the efficacy of targeted drugs.
GeneMania
GeneMania is an online database that can predict the function of specific genes by building protein-protein interaction networks (Warde-Farley et al., 2010). The selected genes can be analyzed by bioinformatics methods. In this study, we constructed a PPI network for KIF2C through GeneMania to explore the function of KIF2C. In this study, we constructed a PPI network of KIF2C through GeneMania to explore the function of KIF2C.
Immunohistochemistry (IHC)
To explore the protein expression level of KIF2C, we examined the expression level of KIF2C in paraffin-embedded tissues of liver cancer and normal liver tissues by IHC staining. Tissue sections were treated with anti-KIF2C primary antibody (1:200, Proteintech), and the protocol is described in (Zhang et al., 2021).
Cell Culture and Quantitative Real-Time PCR
All cell lines in this study were obtained from the Oncology Laboratory of Tongji Hospital, Huazhong University of Science and Technology. Among them, BGC-823, SGC7901, and LO2 cell lines were cultured by RPMI-1640 complete medium, while MGC-803, Hep-3B, and MHCC97-H cell lines were cultured by DMEM complete medium at 37°C in 5% CO2.
Total RNA was extracted from various cell lines using TRIzol reagent (Takara, Shiga, Japan). The mRNA expression levels of KIF2C in each cell line were subsequently verified by RT-PCR according to the SYBR-Green (Takara, Shiga, Japan) ‘s protocol. The relative expression was calculated by 2-ΔΔC t and normalized using GAPDH as an internal reference.
Statistical Analysis
We performed statistical analysis via R (version 4.1.0), forestplot based on the forestplot package for visualizing the hazard ratio (HR) of KIF2C in pan-cancer, survival analysis via the survminer and survivor packages, box plots and scatter plots via the ggplot2 package, and reshape2 package to plot correlation heat map. ROC curves are plotted via the ROC package, and radar plots are visualized via the ggradar package. The correlation of KIF2C expression with TMB, MSI, MRR immune checkpoint genes and drug sensitivity was analyzed by the spearman test, and the analysis of the difference in pan-cancer expression was analyzed by Wilcox test. p <0.05 was accepted as statistically significant.
RESULTS
KIF2C is Overexpressed in Multiple Tumors
We analyzed the mRNA levels of KIF2C in 33 tumor types by TIMER 2.0 database and GEPIA database and found KIF2C was highly expressed in BLCA, BRCA, CESC, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KIRC, KIRP,LGG, LIHC, LUAD, LUSC, OV, PCPG, PRAD, READ, SKCM, STAD, THYM, UCEC, and UCS (Figures 1A,B). Moreover, the protein level of KIF2C was analyzed by UALCAN database and found that KIF2C was significantly overexpressed in BRCA, KIRC, COAD, OV, LUAD, and LIHC (Figure 1C). In addition, we verified the mRNA expression levels of KIF2C, and we found that KIF2C expression was significantly higher in human HCC cell lines (MHCC97-H, Hep-3B) than in normal human hepatocytes (LO2) (Supplementary Figure S1A). However, there was no significant difference in the expression of KIF2C in gastric cancer cell lines (Supplementary Figure S1B). We analyzed the mRNA levels of KIF2C in 33 tumor types by the TCGA database and GTEx database, and combined with differential analysis of paired samples, we found that KIF2C was highly expressed in ACC, BLCA, BRCA, CHOL, COAD, DLBC, ESCA, HNSC, KIRC, KIRP, LGG, LIHC, LUAD, LUSC, OV, PCPG, PRAD, READ, SKCM, STAD, THYM, UCEC, and UCS (Figures 1A,B). In addition, analysis of KIF2C protein levels by the UALCAN database revealed that KIF2C was overexpressed in LIHC (Figure 1C). We verified the expression level of KIF2C in liver cancer tissues by immunohistochemistry, and the results were consistent with the database (Figures 1D,E). In addition, we verified the mRNA expression levels of KIF2C, and we found that KIF2C expression was significantly higher in human HCC cell lines (MHCC97-H, Hep-3B) than in normal human hepatocyte lines (LO2) (Supplementary Figure S1A). However, there was no significant difference in the expression of KIF2C in gastric cancer cell lines (Supplementary Figure S1B).
[image: Figure 1]FIGURE 1 | Pan-cancer KIF2C expression analysis (A) KIF2C expression levels in pan-cancer from TGCA and GTEx (B) Expression levels of KIF2C in paired samples (C) KIF2C protein level in hepatocellular carcinoma was examined using the CPTAC dataset. (D) Low expression of KIF2C in normal tissues. (E) High expression of KIF2C in liver cancer tissues. *p < 0.05, **p <0.01, ***p <0.001.
KIF2C is a Potential Prognostic Marker for Multiple Tumors
We divided the tumors into two groups, high and low expression, according to the median expression of KIF2C in various tumor types. We investigated the prognostic value of KIF2C in TCGA pan-cancer by univariate Cox regression analysis. The results are presented in the form of a forest plot (Figure 2A). KIF2C overexpression could significantly impact ACC (HR = 2.398), KICH (HR = 2.708), KIRC (HR = 2.142), KIRP (HR = 2.768), LGG (HR = 1.692), LIHC (HR = 1.586), LUAD (HR = 1.210), MESO (HR = 2.137), PAAD (HR = 1.577), PRAD (HR = 2.290), SARC (HR = 1.262), THYM (HR = 0.538), and UCEC (HR = 1.497) for overall survival. KIF2C upregulation related to poorer OS prognosis of the above tumors, except for TYHM. Except for TYHM, KIFU2C upregulation is associated with a poorer OS prognosis.
[image: Figure 2]FIGURE 2 | OS analysis of KIF2C in pan-cancer (A) Forest plot shows hazard ratios of KIF2C in pan-cancer. (B–I) Kaplan-Meier survival curves of pan-cancer with high and low KIF2C expression analysed by the TCGA database.
Subsequently, we performed Kaplan-Meier survival analysis and found that KIF2C upregulation was significantly associated with poorer prognosis in ACC, KIRC, KIRP, LGG, LIHC, MESO, and UCEC, while it was significantly associated with better prognosis in THYM (Figure 2B).
In addition, we also investigated the correlation of KIF2C with PFI, DFI and DSS, and the results showed that KIF2C was significantly associated with poor prognosis in several cancer types (Supplementary Figure S2). The results of OS, PFI, DFI and DSS survival analysis consistently indicated that KIF2C was a risk factor for ACC,KIRP, LIHC,LUAD, PRAD, SARC, and UCEC.
Correlation of KIF2C Expression With TMB, MSI and DNA Mismatch Repair (MMR) in Multiple Tumors
Previous studies have shown that TMB and MSI-H are predictive biomarkers for tumor immunotherapy TMB and MSI-H have previously been demonstrated to be predictive biomarkers for tumor immunotherapy (Rizzo et al., 2021), thus we analyzed the correlation between KIF2C expression and different tumor TMB, MSI and MMRs. Figure 3A shows that high KIF2C expression was significantly correlated with TMB of 24 tumors, and only significantly negatively correlated with THYM. Figure 3B shows that high expression of KIF2C was positively correlated with MSI in BLCA, COAD, HNSC, LIHC, LUSC, SARC, STAD, UCEC, and UCS. dMMR can induce MSI production, so we evaluated the association between the expression level of KIF2C and the mutation levels of five MMR genes (MLH1, MSH2, MSH6, PMS2, and EPCAM). Figure 3C shows that KIF2C was significantly associated with MMR genes in 30 tumors.
[image: Figure 3]FIGURE 3 | Correlation of KIF2C expression with tumor mutation burden (TMB), microsatellite instability (MSI), and mismatch repairs (MMRs) in pan-cancer (A)Radar map shows correlation of KIF2C expression with TMB in pan-cancer. (B) Radar map shows correlation of KIF2C expression with MSI in pan-cancer. (C) Heatmap shows correlation of KIF2C expression with 5 MMRs related genes in pan-cancer.
Epigenetic Analysis of KIF2C
We performed methylation analysis of KIF2C through the GSCA database (Liu et al., 2018) and found that KIF2C was significantly negatively correlated with KIF2C methylation levels in most tumors (Figure 4A), and KIF2C hypomethylation was associated with poor prognosis of LGG and CHOL by prognostic analysis (Figure 4B). We further investigated the correlation between KIF2C and DNA methyltransferase (DNMT)-related genes, N6-methyladenosine (m6A) and 7-methylguanosine (m7G)-related genes, and the results showed that KIF2C was significantly correlated with the above-mentioned related genes in a variety of tumors (Figure 4C), suggesting that KIF2C is closely related to epigenetic modifications that affect tumor progression.
[image: Figure 4]FIGURE 4 | Epigenetic analysis of KIF2C. (A) Correlation of KIF2C methylation with mRNA expression. (B) Prognostic analysis of KIF2C methylation in CHOL and LGG.(C) Heatmap of the correlation between KIF2C and transmethylase genes, m6A-related genes and m7G-related genes in pan-cancer.
Correlation Between KIF2C Expression and Tumor Microenvironment of Multiple Tumors
TME plays an important role in promoting tumor progression and consists mainly of immune cells and stromal cells (Binnewies et al., 2018). We obtained immune scores and stromal scores of 33 tumors from TCGA database by the ESTIMATE algorithm and performed correlation analysis. Figure 5 showed that KIF2C expression was significantly positively correlated with immune and stromal scores in KIRC, LGG, and THCA, but negatively correlated with those in GBM, LUSC, STAD, and UCEC. In addition, high KIF2C expression was negatively correlated with stromal scores in BRCA, COAD, HNSC, LIHC, LUAD, SARC, SKCM, TGCT, and THYM, and negatively correlated with immune scores in DLBC (Supplementary Figure S3).
[image: Figure 5]FIGURE 5 | The correlations between KIF2C expression and the stromal and immune cell’s level of tumor microenvironments in pan-cancer.
Immune Infiltration Analysis of KIF2C
Using the TIMER database, we examined the correlation between KIF2C expression and immune infiltration levels in various cancers. In Figure 6A, KIF2C expression in KIRC, LGG, LIHC, and TYHM was significantly correlated with B cell, CD8+ T cell, CD4+ T cell, macrophage cell, neutrophil cell, and dendritic cell. Except for the negative correlation between KIF2C and the neutrophil cell of THYM, all of them were significantly positively correlated. By KM analysis (Figure 6B), high KIF2C expression and high infiltration levels of the six immune cells were significantly correlated with poor OS in LGG, whereas high KIF2C expression and high infiltration levels of B cells, CD4+ T cells, and dendritic cells were correlated with better OS in THYM.
[image: Figure 6]FIGURE 6 | (A) Correlation of KIF2C expression with immune infiltration level in KIRC, LGG, LIHC and THYM. (B) KM analysis of immune cells infiltration levels and expression levels of KIF2C in LGG and THYM.
Myeloid-derived suppressor cells (MDSCs) have immunosuppressive characteristics, and we analyzed the correlation between KIF2C and MDSCs in pan-cancer by TIMER 2.0 and found that KIF2C was significantly positively correlated with MDSCs in most tumors (Figure 7A). Moreover, MDSCs was associated with a poorer prognosis (Figure 7B).
[image: Figure 7]FIGURE 7 | (A) Correlation of KIF2C with MDSCs in pan-cancer. (B) The prognosis analysis of MDSCs, red means poor prognosis, blue means good prognosis.
Additionally, we used EPIC, CIBERSORT-ABS, and QUANTISEQ algorithms to analyze the correlation of KIF2C with cancer-associated fibroblasts, M2 macrophages, and Tregs in KIRC, LGG, LIHC, and THYM. We found that KIF2C was positively correlated with CAFS, M2 macrophages, and Tregs in KIRC, LGG, and LIHC. However, in THYM, KIF2C was negatively correlated with all three of these cells (Figure 8). We then analyzed the association between KIF2C expression and immune markers in KIRC, LGG, LIHC, and TYHM, and to reduce bias, we corrected the data according to tumor purity. Supplementary Table S2 shows that KIF2C expression in KIRC was mainly positively correlated with TAM, M2 macrophages, Tregs, and T cell exhaustion. In contrast, in TYHM, KIF2C expression was negatively correlated mainly with M2 macrophages, monocytes, T cell exhaustion, and TAM. It is evident that KIF2C has an important role in immune infiltration.
[image: Figure 8]FIGURE 8 | Correlation of KIF12C expression with CAFs, M2 macrophages and Tregs in KIRC, LGG, LIHC, and THYM.
Correlation of KIF2C Expression With immune Checkpoint Genes and immune Response in Multiple Tumors
To explore the relationship between KIF2C and immunotherapy, we performed a pan-cancer correlation analysis of KIF2C with 47 immune checkpoint (ICP) genes. Supplementary Figure S4 shows that KIF2C expression correlated with 42 genes in THCA, 39 genes in PRAD and LIHC, and 38 genes in BRCA and THYM. More than 30 ICP genes were associated in with KIRC, UCEC, LGG, and GBM.KIF2C was positively correlated with ICP genes in BLCA, BRAC, HNSC, KICH, KIRC, KIRP, LGG, LIHC, MESO, PAAD, and THCA, suggesting that KIF2C may exerts exert an immunosuppressive effect in these tumors and that targeting KIF2C can achieve better immunotherapy outcomes. However, KIF2C is mainly negatively correlated with ICP genes in COAD, DLBC, GBM, LUAD, LUSC, READ, SKCM, STAD, THYM, and UCEC, which means that targeting KIF2C in such tumors may not achieve favorable immunotherapy outcomes.
To explore the KIF2C expression effect on immune checkpoint blockade (ICB) treatment response more deeply, we used the TIDE algorithm to obtain the TIDE scores of KIF2C in KIRC, LGG, LIHC and THYM. High TIDE scores were associated with poor response to ICB therapy and short survival after receiving ICB therapy (Jiang et al., 2018). We found that the KIF2C high expression group had higher TIDE scores in KIRC, LGG and LIHC, while it had lower TIDE scores in THYM (Figures 9A–D), suggesting that KIF2C may promote immune escape and cause poor ICB response in KIRC, LGG and LIHC, but in THYM the opposite is true. This is consistent with our previous findings.
[image: Figure 9]FIGURE 9 | (A–D) TIDE score of KIF2C high and low expression groups in KIRC, LGG, LIHC, and THYM.
GO and KEGG Analysis of KIF2C Expression
To explore the biological role of KIF2C in tumors, we performed GO and KEGG analysis on three tumors, KIRC, LIHC, and THYM. As shown in Figure 10, we found that KIF2C is involved in the regulation of the cell cycle in all three tumors and is related to immune regulation. In KIRC, KIF2C is involved in immune-related processes such as “complement and coagulation cascade,” “cytokine-cytokine receptor interaction,” and also, KIF2C is associated with “Coronavirus disease-COVID-19”. In LIHC, KIF2C is correlated with the “IL-17 signaling pathway”. In THYM, KIF2C was correlated with “T cell receptor signaling pathway”and “T cell activation”. It can be seen that KIF2C is closely related to immunity but plays a different immune role depending on the type of cancer.
[image: Figure 10]FIGURE 10 | Gene enrichment analysis of KIF2C in KIRC, LGG, and THYM. (A–C) Top 20 GO and KEGG pathway analysis in the specified tumor types.
PPI Network of KIF2C Analysis
We constructed the PPI network of KIF2C through the GeneMania database. Figure 11 shows that KIF2C interacts with genes such as CENPH, ADAM9, NDEL1, and EXT1 and is associated with biological functions such as tubulin binding, sister chromatid segregation, and MHC II antigen presentation, suggesting that KIF2C is involved in cell cycle and immune regulation. In addition, previous studies found that the KIF2C-related CENPH, EXT1, can promote tumor progression (Wu et al., 2015; Lu et al., 2017; Kong et al., 2021) and ADAM9 has a significant role in tumor growth, metastasis, and immune evasion (Chou et al., 2020).
[image: Figure 11]FIGURE 11 | PPI network of KIF2C constructed using the GeneMania database.
Drug Sensitivity Analysis of KIF2C
Using the CellMiner database, we looked at the relationship between KIF2C expression and drug sensitivity. As shown in Figure 12A, KIF2C expression was significantly positively related to the sensitivity of Megestrol acetate, Rebimastat, and Ibrutinib. In contrast, the sensitivity of Tamoxifen, Denileukin Diftitox Ontak and Fluorouracil was significantly negatively correlated. To further investigate, we analyzed the correlation between KIF2C expression and drug efficacy through the CARE database. The results showed that KIF2C expression was positively correlated with the sensitivity of PI3K-AKT signaling pathway inhibitors (MK-2206, Rigosertib), CDK1 inhibitor (Flavopiridol) and PLK1 inhibitor (BI2536), while it was correlated with the resistance to EGFR inhibitors (Figure 12B). Detailed information is presented in Supplementary Table S3.
[image: Figure 12]FIGURE 12 | Anticancer drug sensitivity analysis of KIF2C. (A) CellMiner's drug sensitivity analysis. (B) CARE analysis
Construction of Nomogram
We verified the predictive efficacy of KIF2C in tumors by ROC predictive effect on the prognosis of the above cancer types. In order to predict the prognosis of patients more accurately, we constructed a nomogram based on KIF2C for LGG and LIHC to predict the 1,3,5-year survival rate of patients and validated it with the calibration curves(Figures 13E–H). We found that the nomogram was in good agreement with the actual situation.
[image: Figure 13]FIGURE 13 | Prediction evaluation and construction of nomograms (A–D) ROC analysis of KIRC, LGG, LIHC, and UCEC by KIF2C. (E) Construction of nomograms for LGG (F) Calibration curve validation of LGG. (G) Nomogram construction for LIHC. (H) Calibration curve validation of LIHC.
DISCUSSION
The function of KIF2C in cell division requires complex regulation by various kinases and phosphatases, such as Aurora A/B, Plk1, and Cdk1 (Sanhaji et al., 2011). However, when KIF2C is deregulated, it causes abnormal spindle formation and failed chromosome segregation, resulting in chromosomal instability and tumorigenesis (Sanhaji et al., 2011). Previous studies have identified that KIF2C was overexpressed in some cancers (Nakamura et al., 2007; Shimo et al., 2007; Ishikawa et al., 2008; Wei et al., 2020) and facilitates the growth and invasion of tumor cells. Currently, the function of KIF2C in tumors is not clear, and a comprehensive pan-cancer analysis is needed.
In this study, the mRNA levels of KIF2C were highly expressed in 28 tumors by TCGA database analysis. In addition, analysis of the UALCAN database revealed that the protein levels of KIF2C were significantly higher in HCC tumors than in adjacent tissues. The prognostic analysis revealed that KIF2C was negatively correlated with the OS of ACC, KIRC, KIRP, LGG, LIHC, MESO, and UCEC, and positively correlated with the OS of THYM only, which, combined with the results of Cox regression analysis, can be considered as a prognostic marker in several cancers.
Epigenetic alterations have important effects on tumor progression and immunosuppression, of which DNA methylation is one of the most important epigenetic regulators (Dawson and Kouzarides, 2012; Jones et al., 2019). We found that the mRNA levels of KIF2C were significantly correlated with methylation in different cancer types, and there was a correlation between DNMT and KIF2C expression, suggesting that DNA methylation may also be involved in the regulation of KIF2C. In LGG and CHOL, hypomethylation of KIF2C was significantly associated with poor prognosis. The mechanism may be related to the hypomethylation of KIF2C leading to tumorigenesis and overexpression of immunosuppression-related genes.
In addition to DNA methylation, internal modifications of RNA are also important and play an important role in tumor progression, especially m6A modification and m7G modification (Barbieri and Kouzarides, 2020). m6A modification can affect immune cell infiltration in the tumor microenvironment (Zhang et al., 2020), while m7G modification can cause immune escape (Devarkar et al., 2016). Therefore, we also explored the correlation between KIF2C and m6A and m7G-related genes, and found that KIF2C was significantly associated with m6A and m7G-related genes in most tumors, suggesting that the above RNA modifications may be involved in the regulation of KIF2C and thus influence the tumor progression.
Immunotherapy is emerging as an important modality in the treatment of cancer, such as ICB targeting CTLA-4 and PD-1 and its ligand (PD-L1), which can be used to treat tumors by reactivating anti-cancer immune responses (Petitprez et al., 2020). However, it was found that the interaction between the tumor cells in the TME and their surrounding stroma could affect the therapeutic effect of ICB and even cause drug resistance. Hence, the correlation between KIF2C and TME was explored. Analysis by the ESTIMATE algorithm revealed that KIF2C expression was significantly positively correlated with immune and stromal scores in KIRC, LGG, and THCA, and significantly negatively correlated in GBM, LUSC, STAD, and UCEC, suggesting a possible role of KIF2C expression in tumor immunity and TME. We analyzed the relationship between KIF2C expression and immune cell infiltration through the TIMER database and found that KIF2C expression was significantly correlated with all six immune cell types in KIRC, LGG, LIHC, and TYHM, and by correlation with immune markers, we discovered that KIF2C expression was positively correlated with CAFs, TAMs, M2 macrophages, Tregs, and MDSCs. TAMs are usually dominated by the M2 subtype. Unlike the M1 subtype, which inhibits tumor progression, the M2 subtype can promote tumor cell invasion, tumor cell invasion and metastasis, and the generation of immune tolerance (Shu and Cheng, 2020).whereas Tregs can lead to T cell exhaustion and are contributes to tumor evasion from immune surveillance and is a major obstacle to immunotherapy While Tregs can cause T cell exhaustion and contribute to tumor evasion from immune surveillance, which is a major barrier to immunotherapy (Wolf et al., 2015), MDSCs is a group of myeloid cells that arise under pathological conditions of cancer, MDSCs can promote tumor progression as well as tumor immunosuppression MDSCs are a group of myeloid cells that arise under pathological conditions of cancer and can promote tumor progression as well as tumor immunosuppression (Gabrilovich, 2017), CAFs are important components of TME and can promote tumor invasion, metastasis, and chemoresistance. In addition, CAFs can promote the recruitment, activation, and immunosuppressive behavior of immunosuppressive cells, including M2-type TAMs, Tregs and MDSCs (Mao et al., 2021). The above indicates that KIF2C expression is associated with immunosuppression.
In THYM, KIF2C strongly correlated with CD8+ T cells with tumor suppressive effects and negatively correlated with CAFs, M2 macrophages, Tregs, and TIDE score, suggesting that KIF2C expression in THYM is a protective factor that predicts a better ICB response. In contrast, in KIRC, LGG, and LIHC, KIF2C was positively correlated with CAFs, M2 macrophages, Tregs, MDSCs, and TIDE scores, suggesting that KIF2C high expression in these three tumors is associated with immunosuppression and poorer immunotherapeutic response, and thus KIF2C is a prognostic risk factor for KIRC, LGG, and LIHC, and targeting KIF2C may improve immunotherapeutic outcomes.
Previous studies have shown that defective MMR leads to MSI-H (Lu et al., 2021), and MSI and TMB are considered to be predictable markers predictors of ICB response (Chang et al., 2018; Sha et al., 2020), so the correlation of KIF2C with MMRs, MSI, and TMB was explored and it was found that KIF2C expression was significantly correlated with TMB in 24 tumors, MSI in 9 tumors, and MMRs in 30 tumors. We also analyzed the relationship between KIF2C and 47 ICP genes and found that KIF2C expression was significantly associated with several ICP genes, suggesting that KIF2C can be considered as a biomarker to predicting predict the response of to immunotherapy. We analyzed the biological functions of KIF2C by gene enrichment analysis. We found that in addition to the cell cycle, KIF2C expression was also significantly associated with complement and coagulation cascade, IL-17 signaling pathway, and cytokine-cytokine receptor interaction, suggesting that KIF2C is involved in tumor regulation of immunity.
We found that EXT1 was associated with KIF2C by PPI network analysis. And EXT1 may affect tumor survival by activating the Wnt signaling pathway By PPI network analysis, we found that EXT1 was associated with KIF2C. EXT1 may affect tumor survival by activating the Wnt signaling pathway (Kong et al., 2021), and it has also been demonstrated that KIF2C is activated by the Wnt signaling pathway and thus can promote liver cancer progression by activating mTORC1 signaling (Wei et al., 2020), so we speculate that EXT1 may influence KIF2C and thus promote tumor development.
Finally, we investigated the connection between KIF2C and anticancer drug resistance using CellMiner and found that KIF2C was negatively correlated with the sensitivity of Tamoxifen, Denileukin Diftitox Ontak, and Fluorouracil. Tamoxifen can be used to treat breast cancer (Shagufta and Ahmad, 2018), while Fluorouracil is one of the main components of many chemotherapy regimens and plays an important role in tumor chemotherapy (Ghafouri-Fard et al., 2021). High KIF2C expression was found to be associated with resistance to these drugs, and therefore, targeting KIF2C may have a role in improving the efficacy of chemotherapy treatment.
In summary, KIF2C was highly expressed in multiple tumor tissues and was significantly associated with poor prognosis. In tumor immunity, KIF2C was significantly associated with CAFs, TAMs, Tregs and MDSCs infiltrates in TME. KIF2C was significantly correlated with TMB, MSI, MRR and ICP genes in several tumors, and KIF2C expression was correlated with the sensitivity of some anticancer drugs. In tumor immunity, KIF2C was significantly associated with CAFs, TAMs, Tregs, and MDSCs infiltrating the TME. In several tumors, KIF2Cexpression was significantly correlated with TMB, MSI, MRR, and ICP genes, and KIF2C expression was correlated with the sensitivity of some anticancer drugs. Therefore, KIF2C is a prognostic biomarker linked to immunosuppression, targeting KIF2C may improve the outcome of immunotherapy.
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Human Papillomavirus (HPV) is an oncogenic virus that causes the highest number of viral-associated cancer cases and deaths worldwide, with more than 690,000 new cases per year and 342,000 deaths only for cervical cancer (CC). Although the incidence and mortality rates for CC are declining in countries where screening and vaccination programs have been implemented, other types of cancer in which HPV is involved, such as oropharyngeal cancer, are increasing, particularly in men. Mutational and transcriptional profiles of various HPV-associated neoplasms have been described, and accumulated evidence has shown the oncogenic capacity of E6, E7, and E5 genes of high-risk HPV. Interestingly, transcriptomic analysis has revealed that although a vast majority of the human genome is transcribed into RNAs, only 2% of transcripts are translated into proteins. The remaining transcripts lacking protein-coding potential are called non-coding RNAs. In addition to the transfer and ribosomal RNAs, there are regulatory non-coding RNAs classified according to size and structure in long non-coding RNAs (lncRNAs), circular RNAs (circRNAs), and small RNAs; such as microRNAs (miRNAs), piwi-associated RNAs (piRNAs), small nucleolar RNAs (snoRNAs) and endogenous short-interfering RNAs. Recent evidence has shown that lncRNAs, miRNAs, and circRNAs are aberrantly expressed under pathological conditions such as cancer. In addition, those transcripts are dysregulated in HPV-related neoplasms, and their expression correlates with tumor progression, metastasis, poor prognosis, and recurrence. Nuclear lncRNAs are epigenetic regulators involved in controlling gene expression at the transcriptional level through chromatin modification and remodeling. Moreover, disruption of the expression profiles of those lncRNAs affects multiple biological processes such as cell proliferation, apoptosis, and migration. This review highlights the epigenetic alterations induced by HPV, from infection to neoplastic transformation. We condense the epigenetic role of non-coding RNA alterations and their potential as biomarkers in transformation’s early stages and clinical applications. We also summarize the molecular mechanisms of action of nuclear lncRNAs to understand better their role in the epigenetic control of gene expression and how they can drive the malignant phenotype of HPV-related neoplasia. Finally, we review several chemical and epigenetic therapy options to prevent and treat HPV-associated neoplasms.
Keywords: HPV, epigenetic, therapy, viral oncoprotein, regulation, biomarker, miRNA, LncRNA
1 EPIDEMIOLOGY OF HUMAN PAPILLOMAVIRUS NEOPLASMS
In 2020, 19.3 million new cancer cases and 10 million deaths were estimated worldwide (Sung et al., 2021). About 13% of cancer cases are attributed to infections (2.5 million), being Human Papillomavirus (HPV) the second most frequent infectious agent with 31% of cases (de Martel et al., 2020). The HPV-associated neoplasms are the cancer of the cervix, anus, vulva, penis, vagina, and head and neck squamous cell carcinomas (HNSCC). The health problem of HPV-associated neoplasms is concentrated mainly in women since 80% is due to cervical cancer (CC) (de Martel et al., 2020). The main contributions to the knowledge and control of HPV-associated cancer have been developed from CC studies. Persistent high-risk HPV (HR-HPV) infection is responsible for nearly 100% of cervical carcinomas, anal carcinomas, and to a lesser extent HNSCCs (Figure 1).
[image: Figure 1]FIGURE 1 | HPV-attributable cancer. (A) The graph shows the proportion of cancer attributable to HPV worldwide (B) Number of new cancer cases attributable to HPV. Data from de Martel et al. (2020).
Recent data estimated that CC alone accounted for more than 600,000 new cases and more than 340,000 deaths (Sung et al., 2021). HPV infection is the most common sexually transmitted infection; it is estimated that at least 80% of people have been infected with HPV before 45 years (Chesson et al., 2014).
HPV belongs to the Papillomaviridae family, composed of 52 genera (ICTV 2020). According to the International Human Papillomavirus Reference Center, 222 distinct genotypes are registered (de Villiers et al., 2012). The International Agency for Research on Cancer (IARC) classifies 12 genotypes (16, 18, 31, 33, 35, 35, 39, 45, 45, 51, 52, 56, 58, and 59) as type 1 carcinogens, genotype 68 as a possible carcinogen and several more as probable carcinogens (26, 53, 66, 67, 70, 73, 82, 30, 34, 69, 85, and 9) (IARC 2012). Due to epidemiological and carcinogenic evidence, high-risk genotypes are recognized (the 12 genotypes classified as carcinogens type 1, and the genotype 68), constituting 96% of CC cases (Arbyn et al., 2014).
According to data collected worldwide, the 10 most common genotypes in CC are 16, 18, 45, 33, 58, 52, 31, 35, 39, and 59 (Bruni et al., 2021). While in HNSCC the most frequent HPVs in decreasing order are: 16, 18, 33, 35, 52, 45, 39, 58, 31, 53, and 56 (Tumban 2019). Differences in the frequency of genotypes have been described, which may be related to ethnicity and detection methods. However, because of their high frequency, HPV16 and 18 genotypes have been mostly studied from a functional point of view. A consistent finding is that HPV16 has been the most frequent genotype in cancer at different anatomic sites. The oncogenic potential of HPV16 is associated with persistent infection and a high viral load. Also, different variants of the same genotype possess distinct carcinogenic capabilities.
Recent metagenomics and next-generation sequencing (NGS) studies describe a wide variety of HPV genotypes at various anatomical sites in both healthy tissues and malignant neoplasms. In 69% of healthy subjects, the presence of some HPV genotype has been identified, either in the intestine, mouth, skin, or vagina, being more frequent in the skin (61%) and vagina (41%) (Ma et al., 2014). In anogenital warts, HPV 6, 7, and 11 have been identified as the most frequent genotypes (Xu H et al., 2019). HPV genotypes show greater diversity in low-grade squamous intraepithelial lesions (LSIL) than HSIL, with HPV39 dominating in LSIL and HPV16 in HSIL (Shen-Gunther et al., 2021).
2 STRUCTURE AND FUNCTION OF HUMAN PAPILLOMAVIRUS GENOME
Human papillomaviruses are epitheliotrophic species-specific viruses. HPV viral cycle is closely related to the differentiation of stratified squamous epithelium. About its genomic traits, HPV has a circular double-stranded genome of approximately 8,000 bp. In general, its genomic structure is composed of three regions: the early region (E), which encodes proteins responsible for the regulation of transcription and replication; the late region (L), which encodes structural proteins; and the long control region (LCR) or upstream regulatory region (URR). Transcription is polycistronic as in other viral species. In HPV16, the P97 and P670 promoters are the major transcription regulators. The P97 promoter controls the expression of the E6, E7, E1, E2, E4, and E5 polycistron in undifferentiated cells. The second promoter regulates the transcription of E1^E4, E5, L1, and L2 and is activated in differentiated cells (Wooldridge and Laimins 2008). The general functions and interactions of HPV-encoded proteins are briefly described below.
E1: This viral protein has the largest and most conserved ORF of the papillomavirus. The main function of E1 is to bind to the origin of replication to maintain viral replication and is responsible for maintaining the episomal state. E1 interacts with proteins of the replication machinery (DNA polymerase, RPA, Topoisomerase I and II, PCNA). Interestingly, it also interacts with Histone H1 to displace it from DNA. In addition, E1 has been shown to bind with epigenetic regulators such as HATs, HDACs, and SWI/SNF for chromatin remodeling (Bergvall et al., 2013).
E2: E2 is a key regulatory protein encoded by all papillomaviruses. Interestingly, the short forms of splicing can act as repressors of E2. E2 can interact with specific viral DNA sequences, mainly methylation-dependent sequences, such as E2BS sites located within the LCR region. In addition, E2 is very important for the recruitment of E1 to the replication origin. E2 protein has a repressor role in E6 and E7 transcription, which has been associated with increased apoptosis and decreased cell proliferation (Blachon et al., 2005), in part by the consequent increase of p53, so that the disruption of E2 allows the overexpression of E6 and E7 oncoproteins, which promotes the development of the neoplasm.
On the other hand, E1 and E2 are known to be involved in the process of viral genome insertion into the host genome. However, only the E1 gene is involved in low-grade cervical intraepithelial lesions, and in high-grade lesions, the E1 and E2 genes are also disrupted. The hinge region of the E2 gene has been reported to be unstable making it possibly the most common break when HPV DNA integrates into the host genome (Cricca et al., 2009). Therefore, E2 and E6 have been used as surrogate markers to discriminate CIN2+ in CC (Chen et al., 2020).
E2 functions as a histone code reader by interacting with the bromodomain containing 4 (Brd4) and interacting with acetylated histones in chromatin. E2 has been shown to bind to other chromatin regulators such as HAT (p300) HDAC 1, 2, and 3, KDM5C, SWI/SNF, TIP60, EP400, and SMCX (McBride 2013; Fontan et al., 2020).
E8^E2: E2 splicing isoforms are transcribed from the promoter E8 located in E1. E8^E2 is a DNA-binding protein, which has been characterized as a transcriptional and viral replication repressor through the recruitment of the NCoR platform (Dreer et al., 2016). This isoform participates in the maintenance of the episomal state of the virus and limits viral replication.
E4: E4 localizes to the central region of E2 and is synthesized as a fusion protein of the E1^E4 transcript from promoter 8. E4 is the most abundant protein in the infected epithelium. This protein participates in amplification, release, and transmission of the viral genome. It also promotes the viral productive phase associated with epithelial differentiation-dependent post-translational modifications and participates in cytokeratins collapse and in G2 cell cycle arrest. It has been shown that E4 expression decreases as CIN grades increase until it disappears. E4 also correlates with low levels of methylation in the CADM1, MAL, or miR124-2 genes (Zummeren et al., 2018). These genes are implicated in cervical carcinogenesis and are discussed later in this review. E4 also participates in chromatin regulation by preventing the interaction of MCM2 and MCM7 with chromatin (Wilson et al., 2005; Doorbar 2013).
E5: E5 is mainly localized in the intracellular membranes of the endoplasmic reticulum and Golgi apparatus. In these compartments, it binds with vacuolar ATPase to decrease endosomal acidification, which leads to the degradation of cell surface receptors. Studies have shown that E5 plays an essential role in carcinogenesis, as it is critical in cell transformation and immune modulation by interacting with the major histocompatibility complex class I (MHC-class I). In addition, this protein is involved in several biological processes such as differentiation-dependent viral cycle, DNA synthesis in supra-basal layers, viral amplification, and maintenance of the episomal state, and in the expression of late genes (DiMaio and Petti 2013). E5 activates EGFR in a ligand-independent manner, thus affecting signaling pathways such as MAPK, PI3K-AKT. E5 expression is associated with increased cyclooxygenase 2 (COX2) (Ilahi and Bhatti 2020).
E6 y E7: One of the best described activities by HPV-HR proteins in the transformation process is the inactivation of the tumor suppressor genes p53 and pRB by E6 and E7, respectively (Vats et al., 2021). However, many cellular proteins are affected by direct or indirect interaction with these viral oncoproteins.
E6 is epigenetically regulated by CTCF and can generate distinct isoforms by splicing. Splicing products (E6*) antagonize the effect of full-length E6. E6 participates in immortalization, evasion of apoptosis, evasion of the immune response, the inhibition of the interferon response, participates in epigenetic reprogramming, and regulates chromatin structure through interaction with CBP and P300 (Vande Pol and Klingelhutz 2013; Estevao et al., 2019; Mac and Moody 2020; Scarth et al., 2021; Vats et al., 2021).
E7 is epigenetically regulated by CTCF. It is considered the main protein with transforming activity. It participates in the reprogramming of the cellular environment to facilitate viral replication and reduces the expression of MHC I in conjunction with E5. Like E6, E7 interacts with multiple proteins to regulate epigenetic mechanisms. E7 has been shown to interact with and induce the activity of DNMT1, DNMT3a, EZH2, CBP, and P300. In addition, E7 modulates viral replication by interacting with HDAC1 and HDAC2 via Mi2β. E7 induces KDM6A and KDM6B expression, leading to host cell reprogramming by re-activation of HOX and p16INK4A genes. E7 also post-transcriptionally increases SETD2 levels and regulates H3K36me3 marks on viral chromatin (Burgers et al., 2007; Roman and Munger 2013; Saha et al., 2017; Gautam et al., 2018; Pal and Kundu 2019; Mac and Moody 2020; Vats et al., 2021).
Studies show that enhancer of zeste homolog 2 (EZH2) is specifically activated by E7 from HPV16 through the release of E2F. EZH2 is an enzymatic subunit that mediates H3K27me3 and contributes to cell proliferation (G1-S) involving several mechanisms such as the stimulation of Cyclin D1 and E, as well as retinoic acid signaling or the WNT pathway. In addition, EZH2 can suppress apoptosis through the silencing of the miRNA-31 promoter, which has among its regulatory targets the antiapoptotic gene E2F6 (Holland et al., 2008; Zhang et al., 2014).
Despite EZH2 increase by E6 and E7, the H3K27me3 mark does not increase; this is associated with the Ser21 phosphorylation, which is mediated by AKT. This modification prevents the methylation enzymatic activity while it increases the expression of histone demethylase KDM6A, associated with activation of HOX genes (Hyland et al., 2011).
Late ORF: L1 is the major capsid protein, which, can self-assemble into virus-like particles (VLP) and is mainly involved in the cell infection process. The L1 region of HPV is susceptible to DNA methylation which, interestingly, has been associated with lesion grade and viral integration. For example, methylation of CpG 5698 and 5617 is associated with high-grade lesions and CC (Turan et al., 2006; Buck et al., 2013; Wang and Roden 2013; Torres-Rojas et al., 2018).
LCR: Regarding the LCR region, it is a viral sequence that does not encode proteins, but it is one of the most important regions of the virus since it contains the origin of replication and interacts with multiple epigenetic regulators and transcription factors. Comprising approximately 10% of the genome (Bernard 2013).
3 CHANGES IN THE HUMAN PAPILLOMAVIRUS EPIGENOME
Human papillomavirus DNA associates with proteins similar to H2A, H2B, H3, and H4 histones. Electron microscopy analyses revealed that the complete HPV genome contains 32 nucleosomes, each measuring about 12 nm in diameter (Stunkel and Bernard 1999; Burley et al., 2020). Interestingly, HPV chromatin is also epigenetically regulated through various histone post-translational modifications (acetylation, ubiquitination, methylation, and phosphorylation among others) and viral DNA methylation (Mac and Moody 2020).
Changes in chromatin are closely linked to the epithelial differentiation process. Viral promoters contact each other by three-dimensional folding of nucleosomes at different stages of the viral cycle. Some authors have proposed that chromatin modifications occur mainly in the proximal upstream regulatory region of E6 in undifferentiated cells, whereas in differentiated cells, it occurs in the late promoter region (del Mar Pena and Laimins 2001). However, some studies show that late promoters are not fully repressed in basal cells (Wooldridge and Laimins 2008).
Initially, when HPV infects undifferentiated cells of the basal layer of the epithelium, the viruses remain in an epigenetically repressed episomal state, with enrichment of H3K27Me3 and low levels of H3K4Me3. Consequently, there is a low viral load (between 50 and 100 viral copies per cell), which favors a deficient activation of the immune response (Ferguson et al., 2021).
Chromatin immunoprecipitation assays on HPV31 revealed transcriptionally active chromatin marks such as acetylated H3K4me2 in HPV promoter regions p97 (early in LCR) and p742 (late in E7). Interestingly, these epigenetic marks increase after differentiation triggering E6/E7 transcription. In contrast, undifferentiated cells carry repressive marks such as H3K9me2 and H3K27me2 (Wooldridge and Laimins 2008).
Notably, the p97 promoter is regulated from the 5′ end in the LCR region; therein lies the origin of replication, the keratinocyte early enhancer (KE) and an auxiliary enhancer (AE) that enhances KE activation (Kanaya et al., 1997).
Transcriptional activation marks recruit factors such as C/EBP-β and C/EBP-α to the LCR and late promoter sequences. Notably, the KE region is also an enhancer of the late promoter, so it has been proposed that differentiation alone might be enough to mildly induce late transcription without active viral replication (Wooldridge and Laimins 2008) (Figure 2).
[image: Figure 2]FIGURE 2 | HPV Chromatin. The figure illustrates the HPV chromatin regulation. The inner-circle indicates the distribution of the viral genes. The tags indicate the position of the corresponding chromatin mark. In addition, the characteristic loop between CTCF and the LCR region is illustrated. See text for more detail.
Some studies have shown that negative regulation of the HPV-16/18 E6-E7 promoter requires the binding of YY1 to the promoter KE sequence (Lace et al., 2009). YY1-directed epigenetic silencing involves the recruitment of Polycomb repressor complexes 1 and 2 (PRC1 and PRC2) to viral chromatin leading to the enrichment of H3K27me3 and H2AK199Ub marks. Interestingly, epithelial differentiation inhibits YY1 expression, resulting in positive regulation of E6 and E7 (Mac and Moody 2020). Notably, YY1 regulates HPV 16, 18, 11, and 8 promoter sequences; however, the mechanism of action has not been fully elucidated (Lace et al., 2009).
HPV infection is initially established in undifferentiated basal cells, so there is no expression of E6 and E7. This transcriptional state is also dependent on CCCTC binding factor (CTCF). Studies in HPV 18 have described that CTCF can interact with the E2 ORF and, in turn, with YY1, whereby CTCF-YY1 mediates a three-dimensional interaction between the E2 ORF and the LCR region to establish a repressive chromatin loop (Pentland et al., 2018). Epithelial differentiation disrupts the CTCF-dependent chromatin loop (Figure 2). Studies in HPV18 showed that abrogation of CTCF binding to the E2 ORF increases the transcriptional activity of the p102 early promoter, increasing the expression of E6/E7 proteins (Ferguson et al., 2021).
Recent findings have shown that viral integration events frequently trigger host chromatin changes, which enhance the carcinogenic process in HPV+ tumors. Interestingly, CTCF is a key regulator in these processes, since mutations that disrupt the binding sites as well as the introduction of new sites for CTCF can reorganize chromatin and modify transcriptional regulation, allowing tumorigenesis beyond the transcriptional regulation of E6/E7 (Karimzadeh et al., 2022). In addition, sequencing studies elucidated that CTCF may play an important role in the regulation of alternative splicing of viral genes (Ferguson et al., 2021).
Studies using C33a cells infected with HPV16 have revealed that the histone deacetylase sirtuin 1 (SIRT1) is recruited to the HPV replication origin to become part of the functional E1-E2 complex. Loss-of-function assays of SIRT1 by CRISPR-Cas9 showed increased replication of E1-E2 due to a growing stability of E2 caused by an increase in acetylation (Das et al., 2017). Interestingly, Dipon Das et al. showed that SIRT1 post-transcriptionally regulates the DNA repair protein Werner helicase (WRN) recruited to the E1-E2 complex to regulate replication fidelity. Like SIRT1, deletion of WRN also results in uncontrolled viral replication (Das et al., 2019) (Figure 2). By chromatin immunoprecipitation (ChIP) assays, SIRT1 was found to bind to multiple regions of the HPV31 genome except for the L1 region. Particularly in undifferentiated cells, SIRT1 binds to the LCR, erasing the H1K26Ac and H4K16Ac acetylation marks, thus repressing HPV31 late gene expression (Langsfeld et al., 2015) (Figure 2).
Interestingly, HPV31 E7 has been reported to increase SETD2 protein levels. SETD2 is a histone methyltransferase that writes the H3K36me3 mark (active transcription) on viral chromatin. SETD2 can collaborate in the viral cycle regulation by recruiting of H3K36me3 readers to HPV. Furthermore, experiments in CIN612 cells showed that SETD2 writes the H3K36me3 mark abundantly in E2, E4, and E5 ORFs and not in E6 and E7 (Figure 2) (Gautam et al., 2018).
Likewise, the nuclear receptors have an essential role in viral chromatin regulation since they allow the recruitment of chromatin remodelers such as BRG1 and INI1 (Figure 2). These proteins relate to SWI/SNF complex that can recruit the MLL1 and SETD1A enzymes to write the H3K4me1/3 marks, these complexes can also recruit HAT proteins such as p300 (Groves et al., 2016).
3.1 Viral DNA Methylation
The first study to analyze viral DNA methylation, reported changes in the LCR with potential gene regulatory implications (Burnett and Sleeman 1984). Subsequent studies determined that these methylation changes are associated with the viral life cycle and the cell differentiation. The upstream regions of LCR (3′of L1) and E6 have been of particular interest in some methylation studies (Johannsen and Lambert 2013). Vinokurova and von Knebel Doeberitz (2011) determined CpG methylation changes on the LCR of HPV16 isolated from epithelia by microdissection. In epithelium lacking cytopathic alterations, CpGs remain methylated, whereas, in low-grade lesions or permissive infections, changes in methylation are related to the epithelial differentiation layer, keeping the E2-binding site (E2BS) of the promoter region demethylated. In contrast, E2BS1 is methylated in high-grade lesions and is associated with early promoter activation (P97) and viral integration (Vinokurova and von Knebel Doeberitz 2011). Regarding invasive carcinoma, Chaiwongkot et al. (2013) identified differences in methylation as a function of viral integration status, specifically at the E2SB1 (7453 and 7459), E2SB3 (37, 43) and E2SB4 (52, 58) sites of HPV16 LCR; methylation being lower in carcinomas with the integrated virus than in episomal carcinomas (Figure 3). In addition, viral genome copy number appears to be related to methylation status, as higher methylation levels were identified at LCR in cases with higher integrated copy number (Chaiwongkot et al., 2013).
[image: Figure 3]FIGURE 3 | Changes of methylation in LCR of HPV 16. (A) LCR region binding sites. (B) Schematic illustrating LCR methylation changes of HPV 16 isolated from different epithelial layers. The letters “S,” “I,” and “B” refer to superficial, intermediate, and basal layers respectively, and at different stages of viral infection and transformation. Dark spots show methylated CpG clear spots show unmethylated CpG. Data from Vinokurova and von Knebel Doeberitz 2011, Chaiwongkot et al. (2013).
Piyathilake et al. (2014) reported an association between low risk CIN2+, and high methylation levels in the HPV 16 promoter and enhancer regions. Additionally, women with high folate concentrations and high methylation have a lower risk of being diagnosed with CIN2+. A similar effect was observed with vitamin B12, suggesting that folate and vitamin B12 intake may reduce HPV hypomethylation associated with the risk of developing CIN2. That is, two of the most important methyl donor micronutrients are associated with site-specific methylation of the promoter (position 31, 37, 43, 43, 52, and 58) and enhancer (7862) regions of the E6 gene, which is associated with a low probability of CIN2+ diagnosis (Piyathilake et al., 2014) (Figure 3).
Several authors have reported increased methylation in the L1 region associated with CIN3 or CC. Recently Bee et al. identified that methylation of the CpG 5615 site of L1 of HPV52 is most frequently associated with NIC3, and SNPs associated with the C clade (Bee et al., 2021). Additionally, increased DNA methylation has been observed in the L1, L2, E2, and E5 regions in high-grade lesions. As the degree of lesion progresses grade advances, increased methylation at L1 is more evident in HPV16 than in HPV18 (Torres-Rojas et al., 2018). Concerning viral integration status, it is more frequent in HPV18 cases than in HPV16 (Torres-Rojas et al., 2018). These data indicate that the viral methylation/integration profile may be related to genotype and viral species. In this regard, in cervical cancer the 3′ LCR methylation and E1/E2 region integrity are higher in HPV16 than in HPV18 and HPV45 (Amaro-Filho et al., 2018). It has been shown that viral integration is dispensable for malignant transformation and the alternative mechanism for E6 and E7 deregulation could be DNA methylation at the E2SB sites in HPV16 (Cheung et al., 2013).
4 EPIGENETIC ALTERATIONS IN HUMAN PAPILLOMAVIRUS-ASSOCIATED NEOPLASMS
Diverse evidence has shown that patients with HNSCC may have different responses to treatment depending on HPV status, mainly due to transcriptomic changes involving genes related direct or indirectly by viral presence (Pyeon et al., 2007; Lohavanichbutr et al., 2009; Mendez-Matias et al., 2021).
The characterization of epigenetic alterations in neoplastic transformation is a significant event. Unlike genetic alterations, epigenetic changes are potentially reversible. Although the mechanisms that lead to epigenetic alterations are not fully understood, it is relevant that they could be used as diagnostic and prognostic biomarkers as well as therapeutic targets. This section will focus on some of the epigenetic alterations in precursor lesions and invasive cancer and their potential use as biomarkers.
Sartor et al. (2011), identified by global methylation analysis that HPV-positive cell lines have higher levels of methylation in LINE-1 genic regions compared to negative ones, 77% and 45%, respectively. It was reported that the 19q13 region has high methylation rates; as well as some target genes of the polycomb complex (CCNA1, PREX1, RUNX2, and SPON2). Several differentially methylated regions (DMR) have been found in tumors, as well as in genes of great biological importance such as ESR1, and DCC (important in HNSCC) (Sartor et al., 2011).
Lechner et al. (2013), identified an HPV + HNSCC-associated methylation signature, regardless of anatomic site (Lechner et al., 2013). Additionally, two HPV+ subgroups were identified, associated with high levels of methylation and poor prognosis. Other studies have also identified two subgroups within HPV+ based on expression and viral integration status (Ren et al., 2020).
In contrast, Brennan et al. characterized five subtypes of HNSCC based on methylation profiles, one of them associated with HPV that corresponds to the previously described atypical expression profile and is associated with better survival (Brennan et al., 2017). Nakawaga et al. (2020), identified four subtypes of HNSCC; two of them are associated with HPV, another presents high levels of methylation in promoter regions and correlates with a better prognosis, and the last one has intermediate levels of methylation (Nakagawa et al., 2020).
Ren et al. (2018), identified a set of 17 DMRs in OPSCC-HPV+, however, only seven regions are capable of discriminating HPV+ OPSCC from healthy tissue (KCNA3, EMBP1, CCDC181, ELMO1, C1QL3, MIR129–2, and ZNF137P) (Ren et al., 2018).
Misawa et al. (2020), identified that methylation of 10 genes is associated with recurrence in OPSCC HPV+, this signature includes ATP2A1, MRGPRF, GNMT, GPT, LYNX1, MAL, MGC16275, CALML5, DNAJC5G, and LY6D, being the last three from circulating tumor DNA (Misawa et al., 2020).
Recently, Berglund et al. (2022), identified DMRs in HNSCC HPV16; the most significant were: SYCP2, MSX2, HLTF, PITX2 and GRAMD4. Interestingly, the methylation profiles with genotypes of the A7 species such as HPV 31, 33 and 35 are compatible with those presented in HPV16, and a different methylation profile was found in cases with genotypes belonging to other viral species (Berglund et al., 2022).
Comparing with normal tissue, 86 DMRs were identified in anal carcinoma and 36 in CC, of which 17 DMRs are shared in both malignancies (ASCL1, ATP10A, CCDC81, DPP10, FMN2, MARCH11, MIR129-2, PAX1, PEX5L, RYR2, SORCS3, T, WDR17, ZIK1, ZNF154, ZNF177, ZNF529/ZNF382) (Siegel et al., 2021).
Alternatively, different DMRs and differentially hydroxymethylated regions (DhMR) in genes involved in the Hippo pathway were identified in NIC 3 and CC. Interestingly, the number of DMR increases as the degree of injury progresses; however, the DhMRs decrease from NIC 3 to CC.
Some genes from the DMRs were associated with survival (DES, MAL, MTIF2, PIP5K1A, RPS6KA6, ANGEL2, MPP, and PAPSS2) (Han et al., 2021). Gagliardi et al. (2020) identified a greater number of DMRs in cervical tumors with genotypes of the A9 vs. A7 species. In addition, tumors with A7 genotypes have higher H3K4me1 (associated with enhancers) and H3K27Ac (associated with active promoters), while tumors infected with genotypes of the A9 species have an increase in H3K4me3 (associated with active promoters). This could have implications in the expression profiles and tumor aggressiveness (Gagliardi et al., 2020).
Globally, a greater number of methylated regions have been reported in HPV-positive cell lines and malignancies than in negative ones (Sartor et al., 2011; Ren et al., 2018). However, in HPV-positive squamous cell carcinoma of the penis (PeSCC), it was reported that 77% of the variable methylation positions (MVPs) are hypomethylated (Feber et al., 2015). Among the 960 MVPs associated with HPV, there are WNT pathway genes such as GRAMD4 and GPX5.
It is noteworthy that 30 MVPs were validated in independent cohorts in HNSCC and CC, managing to stratify the HPV+ cases from the negative ones according to epigenetic signature; additionally, significant differences were shown in survival at 5 years, in HNSCC (81% vs. 38%) and in CCSCC (77% and 50%), which was a better predictor of survival than the sole presence of HPV (Feber et al., 2015).
In other PeSCC studies, 65 differentially methylated genes were identified, with inverse correlation with expression in HPV+ cases. Among which are CD70, HN1, FZD5, FSCN1, and PRR16 (Kuasne et al., 2015).
The 5-hydroxymethylation of the cytokine (5hmC) associated with loss of transcriptional repression has been identified in lower levels in HPV + HNSCC compared to HPV- cases. Among the genes associated with hyper-5hmC in HPV+ tumors are CDKN2A and enrichment of pathway genes such as desmosomes, NF-kB, oxidoreductase activity, and mesenchymal cell differentiation where genes such as SNAI2, BMP2, SMAD2 and TGFB2 are found (Liu et al., 2020).
Many cellular genes have been proposed as diagnostic and prognostic biomarkers in CC and its precursor lesions (Hesselink et al., 2014; Kalantari et al., 2014; Verhoef et al., 2014; Boers et al., 2016). Global methylation profiles analysis in 12 cancer types identified 4 CC-specific markers cg07211381 (RAB3C), cg12205729 (GABRA2), cg20708961 (ZNF257), and cg26490054 (SLC5A8) with 96.2% sensitivity and 95.2% specificity. Additionally, this methylation profile can distinguish between tumors and normal tissues (Xu W et al., 2019).
Nowadays, the methylome offers several candidates with potential as clinical biomarkers and therapeutic targets in HPV+ neoplasms. In addition, non-coding RNAs have been highlighted in the scientific and therapeutic landscape. Interestingly, some ncRNAs are transcribed by the own HPV.
5 THE PATHOGENETIC ROLE OF NCRNAS IN HPV+ CANCERS
The invention of new sequencing technologies, bioinformatics tools, as well as new experimental strategies, have made possible the discovery of new functional molecules of non-coding RNA (ncRNA) (Panda 2018; Huang et al., 2019). It is well known that HPV can transcribe non-coding RNAs such as circular RNAs (circRNAs) and microRNAs (miRNAs). Furthermore, it has been suggested that the altered expression of some long-noncoding RNAs (lncRNAs) in some types of cancer is a direct consequence of the expression of the viral oncoproteins E6 or E7. Therefore, we performed a bibliographic search for ncRNAs encoded directly by HPV.
In this section, we begin describing the HPV non-coding transcriptome, and finally, we highlight the function of lncRNAs induced by the viral oncoproteins in the host cell.
5.1 Human Papillomavirus Non-coding Transcriptome
Recent studies have shown that within the HPV genome, there are regions that contain circRNA and miRNA genes (Figure 4).
[image: Figure 4]FIGURE 4 | HPV-encoded miRNAs. (A) Illustration shows the miRNAs coding site inside the genome of different HPV subtypes. The predicted biological processes for some HPV16 miRNAs are depicted in the figure. The circE7 synthesis site is also shown. (B) The scheme represents the potential interaction sites of miRNAs in the viral genome of HPV-16 and HPV-41. The predicted target viral sequences location for each miRNA are shown in the same color as the corresponding miRNA sequence (blue, red, or purple).
CircRNAs are single stranded, covalently closed, circular RNA molecules. CircRNAs can be generated from several genomic regions (intergenic, intronic, and coding). Regarding the biosynthesis of circRNAs, two biosynthesis models have been proposed, and both involve back-splicing (Miao et al., 2021).
Although they have been little studied, there is evidence showing that they perform essential cellular functions. These molecules can act as miRNA sponges, or in some cases, they might indeed have coding potential, as is the case of circE7 (Panda 2018). HPV16 cervical carcinoma cells have high expression levels of circE7 (Zhao et al., 2019) (Figure 4A), and this circRNA is primarily localized in the cytoplasm and requires post-transcriptional modification of N6-methyladenosine (m6A) in the UTR to associate with polysomes and enhance E7 protein levels thus promoting cancer cell growth. These new findings show how these types of nucleic acids transcribed from HPV aid in malignant transformation and increase oncogenic potential in cells.
There are few published studies regarding the miRNAs transcribed from the HPV genome. However, it has been shown that viral miRNAs modulate cellular and viral gene expression, promoting carcinogenesis and evading the host’s immune system. Shun-Long Weng et al. (2018) performed bioinformatic analyzes to identify HPV-encoded miRNAs. They analyzed genomes from different high-risk HPV genotypes to identify viral pre-miRNAs based on phylogenetic information and structural evolution. Notably, HPV16 showed coding potential for HPV16-miR-1, HPV16-miR-2, and HPV16-miR-3, which are located inside the ORFs of E6, E1, and L2, respectively (Weng et al., 2018) (Figure 4A). The authors also identified possible targets of these miRNAs; however, these findings require experimental validations.
The predicted targets of HPV16-miR-1 (ARID5B, ZEB2, THBS1, and STAT5B) are mainly involved with biological processes such as cell migration, cell motility, response to hypoxia, and regulation of cell adhesion. For HPV16-miR-3, the predicted targets (SYNE1, GATA6, GULP1, PDE1B, IGFBP4, PRELP, and MYH1) are associated with cell death, development, and cell differentiation (Figure 4A). Regarding HPV16-miR-2, the predicted targets are AFF3, FRMD7, IGDCC4, MYRIP, NRN1, PMP22, and RBPMS; however, these genes do not associate with cervical cancer progression (Weng et al., 2018). Strikingly, some of these miRNAs could be targets for new antiviral drugs, and miRNAs specific to certain HPV subtypes could serve as possible biomarkers. In addition, the authors found putative miRNAs in other HPV genotypes such as HPV-18 (1 miRNA), HPV-31 (3 miRNAs), HPV-45 (2 miRNAs), and HPV-52 (1 miRNA) (Weng et al., 2018) (Figure 4A).
Through sequencing analysis, Qian et al. (2013) discovered nine HPV-transcribed miRNAs. These miRNAs were successfully validated by qPCR and in situ hybridization in cervical tissue samples and cervical cell lines (Qian et al., 2013). Two of the validated miRNAs were encoded by HPV 16 (HPV16-mir-H1 and HPV16-mir-H2), one by HPV 38 (HPV38-mir-H1), and one by HPV 68 (HPV68-mir-H1) (Figure 4A).
The authors also found both human and viral target genes of miRNAs encoded by HPV16. HPV16-miR H1 and miR H2 have unique targets in the human genome, and 15 shared target genes (CDC2L6, EIF2C1, IMPAD1, BNC2, SNX27, TNRC6B, BACH2, CYP26B1, DDX19B, FGF7, PBRM1, PHACTR2, RBM3, RGS7BP, TEAD1). Regarding the HPV16 viral genome, authors found four target sequences for HPV16-miR-H1-1, two in the E5 region and two in the L1 gene (Qian et al., 2013) (Figure 4B).
HPV16-miR-H2-1 presented two targets in the viral genome, one in the LCR region and the other in the L1 gene (Figure 4B). A gene ontology analysis suggests that HPV16-miR-H1-1 is involved in processes related to the M phase of the cell cycle, immune system development, adhesion, and migration. These processes are crucial for viral infection, activation of immune cells, and other mechanisms crucial for neoplastic development (Qian et al., 2013; Gallo et al., 2020).
Subsequent studies conducted by Elina Virtanen et al. (2016) evaluated the expression of some miRNAs encoded by HPV 16 reported by Qian et al. (2013). The authors extracted RNA from HPV 16 samples obtained from paraffin-embedded cervical tissue, cell lines, liquid cytology, and cervical cells obtained from colposcopy. Most HPV-encoded microRNAs were detected in all samples; however, HPV16-miR-H2 was not detected in these assays (Virtanen et al., 2016).
Bioinformatic analyzes and multiple experimental strategies performed by Chirayil et al. (2018) showed the potential of various HPV genotypes to transcribe miRNAs. The most significant miRNAs are transcribed from HPV41 (hpv41-miR-H1), HPV17 (hpv17-miR-H1), HPV37 (pv37-miR-H1) and even an HPV from the Fringilla coelebs FcPV1 (fcpv1-miR-F1 and fcpv1-miR-F2) (Figures 4A,B). Interestingly, the authors suggested that FcPV and HPV41 miRNAs may regulate viral gene expression as they found potential target sequences for these miRNAs in HPV (Chirayil et al., 2018).
The research field on miRNAs and cirRNAs encoded from HPV encourages new therapeutic strategies based on RNA for various medical applications. However, it would be essential to advance in greater depth in knowing the biological functions of these new molecules.
5.2 Long Non-Coding RNAs Regulated by E6/E7 Oncoproteins
LncRNAs are transcripts of more than 200 nucleotides long, which lack coding potential. LncRNAs have been classified in several ways, for example, according to their position concerning neighboring encoding genes (divergent, convergent, intergenic, overlapping—sense/antisense, intronic, among others) (Schmitz et al., 2016) or according to their cis or trans transcription site (Tong and Yin 2021). The diversity of interactions that lncRNAs have with cellular components (RNA-DNA, RNA- Protein, RNA-RNA), have function to classified lncRNAs according to their function as decoys, scaffolds, enhancers, guides, sponges, or competing endogenous (Guttman and Rinn 2012; Castro-Oropeza et al., 2018).
LncRNAs acting as Decoys, induce or prevent proper regulation of gene expression through association with DNA-binding proteins. LncRNA scaffolds assemble various structural complexes to finally adapt them to specific transcriptional regulatory regions (St Laurent et al., 2015). LncRNAs with guide function associates with proteins to direct them to specific regions of the genome and thus cause an effect at the transcriptional or chromatin level. LncRNA enhancers can organize the nuclear architecture to form enhancer contacts thus promoting gene expression. Sponge refers to lncRNAs containing responsive elements to miRNAs, to sequester them and thus prevent their function on their target mRNAs. On the other hand, lncRNAs can act as competing endogenous RNAs, and bind to an mRNA to give it stability by recruiting proteins, thus preventing degradation (Rinn and Chang 2012). Generally, the function of lncRNAs is associated with their subcellular localization, some may regulate specific functions in the nucleus, while others are exported to the cytoplasm, where they exert a different function. The lncRNAs located in the nucleus can modify chromatin by binding epigenetic factors to DNA to regulate transcription and RNA processing. Gene expression regulation is an intricated process that involves epigenetic modifications such as DNA methylation, histone modifications, chromatin remodeling, and ncRNA-based mechanisms. Although the role of nuclear lncRNAs in epigenetic regulation has been extensively investigated, there is little information about the nuclear lncRNAs involved in the epigenetic regulation of HPV-associated neoplasms.
Studies have shown that the presence of HPV in cancerous tissues stimulates the differential expression of lncRNAs. For example, Ma et al. found 107 differentially expressed lncRNAs when comparing normal tissue vs. HPV-negative HNSCC tumors. On the other hand, in the comparision of normal tissue vs. HPV-positive HNSCC, the number of lncRNAs with differential expression increased to 801 transcripts (Ma et al., 2017). Furthermore, studies by Yang et al. compared the transcriptome of HPV-positive cervix cancer cell lines (SiHa and HeLa) vs. an HPV-negative cell line (C33). Interestingly, the authors found changes in the expression of lncRNAs and mRNAs, suggesting that the altered transcripts could be related to HPV-induced proliferation (Yang et al., 2016). These data suggest that HPV involvement is significant in altering lncRNAs in cells.
It should be noted that some studies have proposed lncRNAs expression signatures in cancer associated with HPV infection. However, the molecular mechanisms of action of these molecules have not yet been elucidated. Also, it is still unknown if these expression changes are an indirect consequence of viral infection or if ncRNAs and HPV oncoproteins directly regulate them.
Viral proteins can alter the biological activities of lncRNAs either by binding to them directly or indirectly, thus changing their ability to interact with proteins or other nucleic acids (Sharma and Munger 2020c). HPV, like other viruses, is capable of dramatically altering the expression profile of host cell lncRNAs. Several investigations have identified numerous lncRNAs whose expression is modulated by HPV infection primarily through E6 and E7 proteins (Sharma and Munger 2020c).
Interestingly, lncRNAs have been found to enhance virus invasion and host cell reprogramming to allow sustained infection. Conversely, there are also antiviral lncRNAs that regulate the innate and adaptive immune response to eliminate viral particles. In the following section, we will detail some oncogenic and tumor suppressor lncRNAs that are regulated by E6 or E7 and that influence some features leading to malignancy (Figure 5) (Ouyang et al., 2016).
[image: Figure 5]FIGURE 5 | lncRNAs regulated by E6/E7 oncoproteins. The figure shows the molecular mechanisms of lncRNAs regulated by the E6/E7 oncoproteins. Blue circles refer to oncogenic lncRNAs and red circles to tumor suppressors.
5.2.1 Oncogenic Long Non-Coding RNAs
lncRNA SNHG8 -A recent study revealed that lncRNA SNHG8 is highly expressed in HPV-induced cervical cancer cells compared to HPV-negative cells (Qu et al., 2020). Notably, this lncRNA has molecular functions in other types of cancer. For example, it acts as a miR-634 sponge in breast cancer, enabling the expression of the ZBTB20 oncogene, thus triggering breast cancer progression (Xu et al., 2021). Also, in hepatocellular carcinoma, the lncRNA SNHG8 acts as a sponge for the tumor suppressor miR-1493 (Dong et al., 2018). Interestingly, in cervical cancer (HPV+), the lncRNA SNHG8 has an epigenetic mechanism. It is mainly located in the nucleus and interacts with EZH2 to promote H3K27me3 enrichment on the RECK (Reversion inducing cysteine-rich protein with Kazal motifs) promoter, thus suppressing RECK expression. Therefore, the functional implications of lncRNA SNHG8 expression include proliferation, migration, and apoptosis inhibition in cervical cancer cells (Figure 5) (Qu et al., 2020).
lncRNA CCEPR -The Cervical Carcinoma Expressed PCNA Regulatory LncRNA (CCEPR) is highly expressed in cervical cancer (Sharma and Munger 2018). For this reason, CCEPR is also known as cervical carcinoma high-expressed long non-coding RNA 1 (CCHE1) (Chen et al., 2017). Also, its high expression levels correlate with tumor size and poor survival prognosis in patients with this type of cancer. In a keratinocyte model that CCEPR is regulated by HPV16 E6 through a p53-independent mechanism (Sharma and Munger 2018). Interestingly, the viral E6 protein expression increased CCEPR, similar to HPV16-positive cervical cancer cells. In addition, the expression of both E6 and E7 further potentiates the expression of this lncRNA.
CCEPR localizes in the nucleus, where it probably interacts with proteins and nucleic acids rather than modulating PCNA levels in the cytoplasm (Sharma and Munger 2018). Notably, in oral squamous cell carcinoma (OSCC), CCEPR localizes to the nucleus and cytoplasm and acts as an oncogene to promote OSCC progression by increasing PAK2 expression through competitively binding miR-922 in OSCC cells (Figure 5) (Wang et al., 2020). Therefore, we consider it interesting to evaluate the presence of HPV in patients with OSCC to find out if this expression could also be related to the presence of the viral oncoproteins.
LncRNA-FAM83H-AS1 -lncRNA FAM83H-AS1 is overexpressed in cervical cancer cells and HPV16-positive head and neck cancer cell lines compared to HPV-16-negative cells (Barr et al., 2019). Notably, the presence of HPV16 correlates with elevated levels of FAM38H-AS1 from the early stages of carcinogenesis. FAM38H-AS1 is regulated by HPV through the presence of p300 in a p53-independent mechanism (Figure 5). Downregulation of this lncRNA impacts on proliferation, migration, and apoptosis (Barr et al., 2019).
LncRNA-FANCI-2 -It has been described that patients with aberrant expression of Fanconi anemia-linked genes have a high incidence of HPV-high risk-induced neoplasms. In a study by Haibin Liu et al. (2021) the authors showed that the expression of lnc-FANCI-2 and FANCI are positively co-expressed in HPV-18-infected cervical cancer cells (Liu et al., 2021). A cis-regulation of these genes has been proposed; however, the precise mechanism remains unknown. E6 and E7 oncoproteins inhibit miR-29-a expression, culminating in an increment in the expression of the transcription factor YY1. Interestingly, in CaSki cells, YY1 interacts with E7 to bind to the lnc-FANCI-2 promoter and induces transcriptional activation (Figure 3) (Liu et al., 2021).
LncRNA-EBIC -In cervical cancer cells, the expression of E6 and E7 stimulates the expression of EZH2-binding lncRNA (lncRNA-EBIC), also known as TMPOP2 (Thymopoietin pseudogene 2) (Sun et al., 2014; He et al., 2019). Mechanistically, EBIC interacts in the cell nucleus with EZH2, a central component of the PCR2 complex that catalyzes the H3K27me3 histone modification (Sun et al., 2014). Through this mechanism, lnc-EBIC exerts oncogenic properties as it participates in the silencing of E-cadherin to promote cell invasion and metastasis in cervical cancer.
The function of lnc-EBIC in the presence of HPV viral oncoproteins has been recently investigated. Hongpeng He et al. (2019) found that EBIC acts in the cytoplasm as an oncogene by inhibiting the function of some tumor suppressor miRNAs, i.e., it acts as an endogenous competitor of miR-375 and miR-139, whose function is to degrade E6 and E7 mRNAs (He et al., 2019). In this fashion, lnc-EBIC contributes to the tumoral phenotype of cervical cancer cells (Figure 5).
Regarding the transcriptional regulation of lnc-EBIC, p53-responsive elements were found in its promoter region. ChIP studies have shown a decreased enrichment of p53 in the promoter region of this lncRNA in some types of cancer (He et al., 2019). In addition, research by Jun Wang et al. has shown that exogenous expression of E7 from HPV16/18 significantly promotes lnc-EBIC expression, causing increased cell proliferation, migration, invasion, and inhibition of apoptosis through the TAL1/lnc-EBIC/KLHDC7B signaling axis (Wang et al., 2021).
LINC01101 y LINC00277 -Iancu et al. (2017) performed microarray assays based on E7 inhibition in HeLa (Iancu et al., 2017). The authors found many differentially expressed lncRNAs, including LINC01101 and LINC00277 (Figure 5), which were positively upregulated in the cells due to the lack of E7. In addition, they showed that high-risk HPV-positive samples have lower expression of LINC01101 and LINC00277 (Iancu et al., 2017). Moreover, low expression of LINC01101 correlated with FIGO stage and lymph node metastasis (Iancu et al., 2017).
The function and mechanism of action of LINC00277 (known as EWSAT1) appear to be tissue specific. For example, in Ewing’s sarcoma, EWSAT1 is positively regulated by EWS-FLI1 in primary human pediatric mesenchymal progenitor cells, and its high expression correlates with increased cell proliferation (Marques Howarth et al., 2014). Furthermore, Peng Song and Shu-Cheng Yin have shown that EWSAT1 is overexpressed in human nasopharyngeal carcinoma cells and correlates with poor survival (Song and Yin 2016). Mechanistically, it has been revealed that EWSAT1 indirectly regulates cyclin D1 expression, as it functions as a miRNA sponge for miR-326 and miR330-5p, which target cyclin D1 for degradation (Song and Yin 2016). Studies in osteosarcoma have shown that EWSAT1 is related to cellular phenomena such as proliferation, migration, invasion, and metastasis. As for its mechanism of action, EWSAT1 regulates the expression of the lncRNA MEG3 (Sun et al., 2016).
CRNDE -Studies by Harden et al. (2017), have suggested that the lncRNAs CRNDE (Colorectal Neoplasia Differentially Expressed), DANCR and TINCR, are transcribed due to HPV16 E6/E7 expression and could contribute to cancer development. For example, high expression of DANCR and low expression of TINCR could overlap with processes involved in epithelial differentiation (Harden et al., 2017; Sharma and Munger 2020c).
We believe that it would be essential to delve deeper into the regulation of the expression of these lncRNAs and their association with HPV, as they exert a very prominent role in cancer regulation. For example, lnc-CRNDE has multiple functions in the cell. For instance, it could function as ceRNA, RNA-decoy, scaffold and miRNA sponge in various types of cancer (Lu et al., 2020). Even lnc-CRNDE has been highlighted for its role in epigenetic regulation because it interacts with EZH2 to repress DUSP5 and CDKN1A. Specifically, in cervical cancer, which is a cancer type that develops due to HPV persistent infection, Ding et al. (2017) have shown that lnc-CRNDE is overexpressed in cervical cancer tissues and functions as an oncogene since its expression correlates with increased cell proliferation, advanced FIGO stage and poor patient prognosis (Ding et al., 2017).
As for its mechanism of action, in cervical cancer CRNDE binds to PUMA, a modulator of apoptosis, to inhibit its expression. As a result, there is an increase in the expression of Bcl-xL, an anti-apoptotic protein that plays a crucial role in cell death (Figure 5). Interestingly, Bcl-xL is overexpressed in patients with chemoresistance and shorter disease-free intervals (Zhang and Fan 2019).
Further studies in cervical cancer by Lu Ren et al. (2021) determined that CRNDE is a sponge for miR-4262, and interestingly, this miRNA targets ZEB1, a regulator of epithelial to mesenchymal transition (Figure 5). Thus, the CRNDE/miR-4262/ZEB1 signaling axis accelerates cervical cancer progression by increasing cell survival, EMT, migration, and invasion (Ren et al., 2021).
lncRNA-SNHG12 -The lncRNA-SNHG12 (Homo sapiens small nucleolar RNA host gene 12) has been studied in several types of cancer; however, studies by Lai et al. (2020), show that SNHG12 is highly expressed in CC cells infected with HPV. Functional assays showed that SNHG12 contributes to the malignant behavior of CC since SNHG12 participates in the activation of the ERK/Slug signaling pathway, which leads to the promotion of epithelial-mesenchymal transition, an increase in proliferation, invasion, and inhibition of apoptosis (Lai et al., 2020). HPV16-E6 and E7 proteins can drive SNHG12 expression through a c-Myc activation-dependent mechanism; however, the specific mechanism has not been fully described (Figure 5).
5.2.2 Suppressing Long Non-Coding RNAs
LncRNA-DINO -Recent studies show that the Damage Induced lncRNA (DINO) is a 951 nucleotides long lncRNA located on chromosome six and divergently transcribed to the CDKN1A gene (Schmitt et al., 2016). Schmitt and coworkers have shown that DINO is transcribed under p53 regulation upon DNA damage stimuli and other stress factors using human cancer cell lines. DINO, once transcribed, forms a complex with p53 to increase its stability and enhance the signaling of this protein (Schmitt et al., 2016).
Interestingly, it has been demonstrated that DINO expression is increased in cells expressing the HPV-16 E7 protein (Sharma and Munger 2020b). It is also a critical mediator of p53 stabilization and activation. It has become evident that HPV16-E7 positive cells are more sensitive to cell death under various metabolic stress conditions; this association has been attributed mainly to p53 activation (Figure 5) (Sharma and Munger 2020b).
Additionally, DINO expression presents a regulation mediated by epigenetic derepression (H3K27 demethylation) through KDM6A. In addition, in cervical cancer cells, it has been shown that DINO activation occurs through a pathway that is independent of ATM/CHK2 (Sharma and Munger 2020a). Recent studies show that DINO is silenced in human cancers (Liu et al., 2019; Marney et al., 2021), and some evidence shows that a region of the DINO/CDKN1A locus is hypermethylated, leading to the silencing of DINO but not CDKN1A (Marney et al., 2021). Furthermore, silencing DINO in a model of primary HFKs E7+ HPV16+ using shRNAs decreases sensitivity to doxorubicin (Sharma and Munger 2020b).
Studies by Marney et al. (2021) have shown that loss of one or two DINO alleles alters the p53-mediated signaling and apoptosis pathway, resulting in an inefficient tumor suppressor phenotype. These insights are of great interest as new therapeutic strategies could aim to activate p53 through the reversal of epigenomic silencing of DINO.
LncRNA-PRINS -To understand HPV-linked HNSCC progression, Magda Kopczynska et al. (2020) performed analyses using data from The Cancer Genome Atlas (TCGA) (Kopczynska et al., 2020). In this analysis, the authors included 81 HPV (−) and 40 HPV (+) samples from patients with HNSCC. The results showed differentially expressed lncRNAs in HPV (+) such as PRINS, CDKN2B-AS1, TTTY14, TTTY15, MEG3, and H19 vs. HPV (−) patients (Kopczynska et al., 2020).
Interestingly, the Psoriasis susceptibility-related RNA Gene Induced by Stress lncRNA (lnc-PRINS) was overexpressed in HVP (+) patients and was associated with better overall survival and disease-free survival. Lnc-PRINS expression levels correlate with antiviral response genes, e.g., CRTSS, TLR8, IRF5, CCL5, CD40, NOD, CARD9, PYCARD, PSTPIP, and IFNAR1. In addition, lnc-PRINS modulates gene expression of transcripts involved in the inflammatory response, growth factors, proinflammatory genes, chemokines, and immunostimulators among others, so lnc-PRINS may stimulate the immune response of patients with HPV + HNSCC (Kopczynska et al., 2020). Some studies have indicated that tumors from HPV (+) patients have an increased number of immune cells, which may explain why HPV + HNSCC patients have a better response to therapy than HPV-negative patients (Figure 5).
6 IMPLICATIONS FOR TRIAGE AND PROGNOSIS
DNA methylation status has been proposed in CC screening programs as a triage strategy for women with positive HPV results and cases with atypical squamous cells of undetermined significance (ASCUS). If not diagnosed and treated on time, the HPV persistent infection can generate precursor lesions that become cervical cancer. For this reason, once HPV+ cases have been identified in the screening programs, a second test (triage) should be carried out to differentiate between cancer precursor lesions that could potentially progress (persistent infection) from those that do not (transient infection). At this second triage, determining DNA methylation of a group of cellular or viral genes has enormous diagnostic utility for HPV (+) cases.
Initial studies postulated the methylation of CADM1 and MAL to detect cervical intraepithelial neoplasia (CIN) 2 and 3, being more sensitive as a triage strategy than cytology (Verhoef et al., 2015). Methylation of the transcription factor ZNF582 is associated with the presence of CIN3 in ASCUS patients (Liou et al., 2015), and ZNF582, together with PAX1, showed high sensitivity and specificity for HSIL detection (Tian et al., 2017). Several genes have been proposed whose methylation is a potential biomarker of precursor lesions; among them, we found POUF4 (Pun et al., 2015; Kocsis et al., 2017), ASCL1, LHX8, and ST6GALNAC5 (Verlaat et al., 2018).
Among the clinical studies that validate methylation profiles as biomarkers of CIN2, CIN3, and CC, is the S5 trial. S5 evaluates the methylation of EPB41L3 and the late region of HPV16, −18, −31, and −33 with a sensitivity of 74% and a specificity of 90% (Lorincz et al., 2016; Cook et al., 2019). Additionally, in cases with ASCUS, S5 can discriminate between low-grade (>CIN1 LSIL) and high-grade (CIN2+, HSIL) lesions (Hernandez-Lopez et al., 2019; Gu et al., 2020). Recently, a multicenter analysis demonstrated a sensitivity of 99.8% for detecting CIN3 and invasive carcinoma (Banila et al., 2022). The EPB41L3, L1, L2, and E2 (HPV16) panel has also been evaluated for the early diagnosis of oropharyngeal carcinoma. The use of his panel has a sensitivity of 70% and a specificity of 91%, and it only requires a gargle sample (Giuliano et al., 2020).
Subsequent studies confirmed the usefulness of EPB41L3, SOX1, and HS3ST2 as a triage method for HSIL detection (Clarke et al., 2017). Studies in the Latin American population have modified the cut-off point of this assay (3.1, 3.7) to improve sensitivity and specificity (Hernandez-Lopez et al., 2019; Ramirez et al., 2021).
Two panels of methylation markers to detect CIN2+ have been validated in the Dutch and Chinese populations (C13ORF18/EBP41L3/JAM3 y C13ORF18/ANKRD18CP/JAM3). These assays showed a sensitivity of 79% and 76% and a specificity of 57% and 65%, respectively (Li N et al., 2021). Other studies evaluated the ASCL1, LHX8, ST6GALNAC5, GHSR, ZIC1, and SST genes. Interestingly, the ASCL1/LHX8 genes showed greater specificity in identifying HPV-HR+ CIN3 with a similar sensitivity to HPV16/18 genotyping (Dick et al., 2020; Verhoef et al., 2022). This panel has been evaluated in urine samples to discriminate between LSIL and HSIL, managing to distinguish non-tumor tissue and low-grade lesions versus high-grade lesions, showing promising results, so it is suggested as a strategy to increase screening and triage (Van Keer et al., 2021).
Furthermore, long-term studies (14 years) showed that the cumulative incidence of CC in HPV+ samples is higher using FAM19A4 and miRNA-124 methylation profiles compared with a positive cytological result as a triage strategy (Luttmer et al., 2016; Clarke et al., 2017; Del Mistro et al., 2017; De Strooper et al., 2018; Dick et al., 2019). This assessment indicates that a negative result in FAM19A4/miR124-2 methylation could rule out the existence of CC (Vink et al., 2021).
Recent studies show that the FAM19A4/miR124-2 assay performed better than HPV16, 18, 31, 33, and 45 genotyping in HPV-positive women with borderline or moderate dyskaryosis, ASC, or LSIL, since the absolute risk of CIN3+ was higher (33%) than with other methods. Interestingly, combining the FAM19A4/miR124-2 assay with HPV16/18 increased detection by 40%. This strategy would allow more significant differentiation of patients with CIN3+ (Dick et al., 2022). Additionally, the methylation profile of FAM19A4/miR124-2 is constant in lesions caused by HPV 16 and 18 or by other high-risk genotypes (Leeman et al., 2018; Leeman et al., 2019). These genes were evaluated in European multicenter studies and have been assessed as a good triage option and an alternative to cytology (Bonde et al., 2021).
Other miRNAs such as miR-15b-5p and miR-375 have been evaluated together with FAM19A4, and this approach manages to distinguish CIN3 cases (Babion et al., 2018). In addition, the panel: C13orf18, EPB41L3 and JAM3, was validated for the CIN3 and CC detection (van Leeuwen et al., 2019). Assays for detecting malignant neoplasms associated with HPV-HR (+) based on epigenetic signatures are commercially available, for instance, GynTect® and QIAsure®. GynTect® is a molecular test for cervical carcinoma that analyzes the methylation profiles of 6 markers (ASTN1, ZNF671, DLX1, ITGA4, RXFP3, SOX17) (Schmitz et al., 2017; Schmitz et al., 2018). QIAsure® is a multiplex real-time methylation-specific PCR-based (qMSP) assay that detects hypermethylation of FAM19A4 and mir124-2 (Floore et al., 2019). It should be noted that the panel is consistent in CC, even with rare histotypes and negative HPV-HR carcinomas (Vink et al., 2019). A comparative study of both kits showed that GynTec has higher specificity than QIASure to detect CIN2+ (87% vs. 67%) and CIN3 (84% vs. 68%) (Dippmann et al., 2020).
Other commercially available panels for methylation evaluation are Precursor M Gold (CADM1, MAL, and miR124-2), CONFIDENCE Marker (POU4F3), and CERVI-M (PAX1) (Kremer et al., 2021). PAX1, in particular, has been evaluated in the Taiwanese population, finding comparable performance with cytology and better specificity than HPV16/18 genotyping as a triage strategy for the detection of CIN3+ in HPV-HR+ women (Chang et al., 2021). Interestingly, changes in viral DNA methylation have been associated with the transition from transient to persistent infection associated with cancer precursor lesions. Also, several studies have proposed the methylation of L1/L2 regions of carcinogenic HPV type 1 for the CIN3 and adenocarcinoma in situ detection (Clarke et al., 2018).
A meta-analysis identified the DNA methylation of CADM1, MAL, MIR-124-2, FAM19A4, POU4F3, EPB41L3, PAX1, SOX1, and L1/L2 from HPV16 as a triage strategy for HPV-AR+ cases (Kelly et al., 2019).
These studies indicate that in CC, the HPV test and triage based on DNA methylation, identify with higher specificity and sensitivity, healthy vs. precursor lesions. All those methylation biomarkers validated, could be extended to other HPV (+) neoplasms to early detection.
7 EPIGENETIC THERAPY AND CHEMOPREVENTION
The dynamic and reversible nature of epigenetic modifications makes them ideal therapeutic targets for treating HPV-associated cancers. Several studies have analyzed the effect of epigenetic therapies and chemopreventive agents in both cell lines and HPV+ neoplasms, including CC and HNSCC.
The potential of different natural compounds derived from plant sources such as phytochemicals has been evaluated as chemopreventive or adjuvants in anticancer therapies for several neoplasms. Exploring the potential therapeutic use of these compounds is particularly important since there are no specific treatment strategies for HPV + HNSCC.
Accumulating evidence suggests that dietary intake of vitamin B and folates have preventive effects against CC (Piyathilake et al., 2014; Mahmoud and Ali 2019). Another therapeutic resource for HPV neoplasms is the systemic administration of retinoids such as vitamin A (Oren-Shabtai et al., 2021), due to the retinoid deficiency is associated with the methylation of the retinoic acid receptor β 2 (RARβ2), a tumor suppressor. In a transgenic mouse model, it was shown that the expression of HPV E7 and the lack of dietary retinoids induce proliferation, hyperkeratinization, development of precursor lesions, and cancer in situ (Ocadiz-Delgado et al., 2021).
Analyses using molecular modeling have predicted that genistein, a naturally occurring compound found in soybean, interacts with several DNMT and HDAC family members. This compound reduces the expression and enzymatic activity of DNMTs and HDACs in Hela cells. Genistein is also known to activate the expression of tumor suppressor genes such as MGMT, RARb, p21, E-cadherin, DAPK1, FTHI, RUNX3, CDH1, PTEN, SOCS51, and other genes related to cell cycle regulation, migration, and inflammation such as CCNB1, TWIST1, MMP14, TERT, AKT1, PTPRR, FOS, and ILIA (Sundaram et al., 2018; Sundaram et al., 2019). These data suggest that genistein could have chemopreventive and chemotherapeutic properties since it exhibits anti-inflammatory, antiangiogenic, antiproliferative, and pro-apoptotic activities.
Curcumin (diferuloylmethane), a polyphenol found in the rhizome of curcuma plants, has been reported to inhibit the transcription of E6 and E7, thus restoring the expression of p53, pRB, and PTEN (Maher et al., 2011). In CC cell lines, it was shown that curcumin improves paclitaxel-induced apoptosis through the NF-κB-p53-caspase-3 (Dang et al., 2015). Curcumin also suppresses proliferation and exhibits anticancer effects in oral squamous cell carcinoma (OSCC). Interestingly, this compound can chemo-sensitize CSCs by abrogating stemness and inhibiting growth more effectively in HVP+ cells. These pieces of research propose that curcumin is a strong candidate for therapeutic approaches, especially in HPV+ tumors (Bano et al., 2018). Mechanistically, curcumin also acts by inhibiting HDAC 1, 2, 3, 4, 5, 6, 8, and 11, resulting in increased histone acetylation levels (Soflaei et al., 2018).
The FDA has approved several HDAC inhibitors as therapeutics with anticancer potential. Accumulating evidence has demonstrated that HDAC inhibitors are helpful for the treatment of hematological malignancies such as multiple myeloma and leukemia. Meanwhile, the efficiency of HDAC inhibitors in solid tumors is currently being assessed.
In vitro assays show that HDAC inhibitors such as sodium butyrate and trichostatin A can reverse the HPV-induced proliferation. These inhibitors neutralize the viral oncoproteins, increasing p21 and p27 expression, resulting in the Cyclin-dependent kinases suppression activity, arrest in the G1 phase of the cell cycle, and therefore, p53-independent and p73-dependent apoptosis is induced (Finzer et al., 2001; Finzer et al., 2004). Also, in CC cell lines showed that hydralazine and valproic acid exhibited an antiproliferative effect dependent on upregulation and stability of p53 by acetylation. However, they also increased the expression of E6/E7 (de la Cruz-Hernandez et al., 2007). Interestingly, when these drugs were administered to patients, the expression of viral oncoproteins was not increase (NCT00404326). Later, it was identified that combining both drugs increased radiation cytotoxicity, enhanced by cisplatin (Mani et al., 2014). Subsequent phase III clinical trials in patients with advanced CC showed a more prolonged median survival (10 months) when treated with chemotherapy + valproic acid + hydralazine than chemotherapy + placebo (6 months). However, toxicities such as thrombocytopenia were higher in the experimental group (Coronel et al., 2011). Other HDACs inhibitors such as vorinostat, belinostat, and panobinostat reduce E6 and E7 activity resulting in apoptosis and abrogating viral replication (Banerjee et al., 2018).
It has been postulated that the failure of HDAC inhibitors is due to the activation of the LIFRα oncogenic signaling pathways since EC359 (inhibitor of LIFRα) attenuates side effects provoked by HDAC inhibitors (Li M et al., 2021). Another aspect that should be further evaluated is the epigenetic classification of tumors and their relationship with the response to HDAC inhibitors.
Regarding the combination of HDAC inhibitors with antivirals to eradicate HPV infections, hitherto, there are no HPV-specific antiviral agents approved for clinical use, however, machine learning and therapeutic repositioning are emerging strategies to identify antiviral molecules. Lin et al. (2021) identified 57 antiviral drugs with potential interaction with E1, E2, E4, E5, E6, E7 L1, and E8^E2 (Lin et al., 2021). However, the effectiveness of these candidates and their impact on epigenetic alterations have not yet evaluated.
In addition, HDAC inhibitors have been used in combination with other drugs that block the activity of immune checkpoint proteins, for example, Chidamide is a benzamide that selectively suppresses the activity of class I and class IIb HDACs, increasing the acetylation of histones H3/H4, thus promoting transcription. Chidamide is currently in phase Ib/II clinical trials (NCT04651127). This inhibitor sensitizes advanced and metastatic, persistent, or recurrent cervical cancer tumors for further treatment with PD-1 inhibitors to boost the immune response against cancer cells.
In transformed follicular lymphoma, chidamide impacts on the PI3K-AKT pathway (Zhong et al., 2021) and in lymphoma it causes G0/G1 arrest, declining the cyclin D and c-myc expression, and increasing p53 and p21. Additionally, chidamide induces caspase-dependent apoptosis (Yuan et al., 2019).
PEVO trial evaluates the response to the combination of pembrolizumab and vorinostat, HDAC inhibitor, in several tumors recurrent and metastatic squamous cell carcinomas, HPV+ vs. HPV−. This study might provide clues to determine how HPV presence influences tumors’ therapeutic response and could also identify predictive and pharmacodynamic biomarkers (de Guillebon et al., 2021).
Other therapies include the epigenetic factor DNMT. 5-azacytidine and decitabine are drugs approved by the FDA to inhibit DNMTs for myelodysplastic syndrome and acute myeloid leukemia treatment. In HPV + solid tumors, has been evaluated the potential of these drugs as monotherapy or in combination with chemotherapy or immunotherapy.
In murine models and clinical trials in HNSCC HPV+ patients (NCT02178072), the 5-azacitidine treatment decreases proliferation, expression of viral genes, the activity of metalloproteases and induces p53-dependent apoptosis (Biktasova et al., 2017). In another clinical trial, intravenous administration of decitabine was evaluated for patients with HPV+ HNSCC anogenital carcinomas at high risk of recurrence, after radiotherapy (NCT04252248). However, there are still no conclusive results from this trial. Interestingly, it has been proposed to evaluate the effect of orally administered decitabine, in combination with durvalumab for patients with oral cavity, oropharynx, hypopharynx, or larynx recurrent or metastatic carcinomas. In this clinical trial, the response in HPV+ vs. HPV− patients will be compared, evaluating the APOBEC expression, the interferon pathway activation, proliferation, and apoptosis (NCT03019003).
An additional epigenetic factor of great relevance is EZH2. Since EZH2 is more expressed in HPV+ OPSCC tumors than in HPV− cases (Idris et al., 2016), there are therapies employed to inhibit EZH2, such as siRNAs, 3-deazaneplanocin A, GSK-343, and EPZ005687. Immunotherapy has undoubtedly improved the life expectancy of patients with malign neoplasms such as melanoma. Nevertheless, there are still several types of tumors where the impact of immunotherapy remains to be proven. The combination of immunotherapy and epitherapy has recently been proposed in different neoplasms.
The epigenetic effects of chemopreventives and therapeutic agents in HPV-associated neoplasms are still a subject of study from a functional and clinical perspective.
8 FINAL REMARKS
Unlike genetic alterations, epigenetic alterations are potentially reversible. Epigenetic, systemic or targeted therapy is an area with great potential for the treatment of several neoplasms. These therapies must be directed according to the biological characteristics of tumor, in order to provide the greatest benefit and reduce adverse effects. Epigenetic alterations are a tool for monitoring therapeutic responses. The control of neoplasms associated with HPV is a feasible challenge to achieve since there are prophylactic vaccines, screening, and triage methods, which are focused on cervical cancer, however, in other neoplasms these strategies can also have an impact favorable. The discovery of epigenetic alterations induced by HPV, and new viral non-coding RNAs and methylation signatures, opens the possibilities for their application as triage biomarkers, and for designing drugs to modify the epigenetic landscape for improved patient survival and quality of life based on comprehensive treatments.
AUTHOR CONTRIBUTIONS
The authors, PP-S and RC-O contributed to bibliography review and writing of this article. We declare that the images and graphics are original and were created from the articles cited.
FUNDING
This article is part of the CONACyT-funded project Salud 2017- C01-290427. Project R-2017-3602-31.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Amaro-Filho, S. M., Pereira Chaves, C. B., Felix, S. P., Basto, D. L., de Almeida, L. M., and Moreira, M. A. M. (2018). HPV DNA Methylation at the Early Promoter and E1/E2 Integrity: A Comparison between HPV16, HPV18 and HPV45 in Cervical Cancer. Papillomavirus Res. 5, 172–179. doi:10.1016/j.pvr.2018.04.002
 Arbyn, M., Tommasino, M., Depuydt, C., and Dillner, J. (2014). Are 20 Human Papillomavirus Types Causing Cervical Cancer?J. Pathol. 234, 431–435. doi:10.1002/path.4424
 Babion, I., Snoek, B. C., Novianti, P. W., Jaspers, A., van Trommel, N., Heideman, D. A. M., et al. (2018). Triage of High-Risk HPV-Positive Women in Population-Based Screening by miRNA Expression Analysis in Cervical Scrapes; a Feasibility Study. Clin. Epigenet 10, 76. doi:10.1186/s13148-018-0509-9
 Banerjee, N. S., Moore, D. W., Broker, T. R., and Chow, L. T. (2018). Vorinostat, a Pan-HDAC Inhibitor, Abrogates Productive HPV-18 DNA Amplification. Proc. Natl. Acad. Sci. U. S. A. 115, E11138–E47. doi:10.1073/pnas.1801156115
 Banila, C., Lorincz, A. T., Scibior‐Bentkowska, D., Clifford, G. M., Kumbi, B., Beyene, D., et al. (2022). Clinical Performance of Methylation as a Biomarker for Cervical Carcinoma In Situ and Cancer Diagnosis: A Worldwide Study. Intl J. Cancer 150, 290–302. doi:10.1002/ijc.33815
 Bano, N., Yadav, M., and Das, B. C. (2018). Differential Inhibitory Effects of Curcumin between HPV+ve and HPV-Ve Oral Cancer Stem Cells. Front. Oncol. 8, 412. doi:10.3389/fonc.2018.00412
 Barr, J. A., Hayes, K. E., Brownmiller, T., Harold, A. D., Jagannathan, R., Lockman, P. R., et al. (2019). Long Non-coding RNA FAM83H-AS1 Is Regulated by Human Papillomavirus 16 E6 Independently of P53 in Cervical Cancer Cells. Sci. Rep. 9, 3662. doi:10.1038/s41598-019-40094-8
 Bee, K. J., Gradissimo, A., Chen, Z., Harari, A., Schiffman, M., Raine-Bennett, T., et al. (2021). Genetic and Epigenetic Variations of HPV52 in Cervical Precancer. Int. J. Mol. Sci. 22, 6463. doi:10.3390/ijms22126463
 Berglund, A., Muenyi, C., Siegel, E. M., Ajidahun, A., Eschrich, S. A., Wong, D., et al. (2022). Characterization of Epigenomic Alterations in HPV16+ Head and Neck Squamous Cell Carcinomas. Cancer Epidemiol. Biomarkers Prev. 31 (4), 858–869. doi:10.1158/1055-9965
 Bergvall, M., Melendy, T., and Archambault, J. (2013). The E1 Proteins. Virology 445, 35–56. doi:10.1016/j.virol.2013.07.020
 Bernard, H.-U. (2013). Regulatory Elements in the Viral Genome. Virology 445, 197–204. doi:10.1016/j.virol.2013.04.035
 Biktasova, A., Hajek, M., Sewell, A., Gary, C., Bellinger, G., Deshpande, H. A., et al. (2017). Demethylation Therapy as a Targeted Treatment for Human Papillomavirus-Associated Head and Neck Cancer. Clin. Cancer Res. 23, 7276–7287. doi:10.1158/1078-0432.ccr-17-1438
 Blachon, S., Bellanger, S., Demeret, C., and Thierry, F. (2005). Nucleo-cytoplasmic Shuttling of High Risk Human Papillomavirus E2 Proteins Induces Apoptosis. J. Biol. Chem. 280, 36088–36098. doi:10.1074/jbc.m505138200
 Boers, A., Wang, R., van Leeuwen, R. W., Klip, H. G., de Bock, G. H., Hollema, H., et al. (2016). Discovery of New Methylation Markers to Improve Screening for Cervical Intraepithelial Neoplasia Grade 2/3. Clin. Epigenet 8, 29. doi:10.1186/s13148-016-0196-3
 Bonde, J., Floore, A., Ejegod, D., Vink, F. J., Hesselink, A., Ven, P. M., et al. (2021). Methylation Markers FAM19A4 and miR124 ‐2 as Triage Strategy for Primary Human Papillomavirus Screen Positive Women: A Large European Multicenter Study. Int. J. Cancer 148, 396–405. doi:10.1002/ijc.33320
 Brennan, K., Koenig, J. L., Gentles, A. J., Sunwoo, J. B., and Gevaert, O. (2017). Identification of an Atypical Etiological Head and Neck Squamous Carcinoma Subtype Featuring the CpG Island Methylator Phenotype. EBioMedicine 17, 223–236. doi:10.1016/j.ebiom.2017.02.025
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Background: N6-methyladenosine (m6A) RNA methylation is an important epigenetic modification affecting alternative splicing (AS) patterns of genes to regulate gene expression. AS drives protein diversity and its imbalance may be an important factor in tumorigenesis. However, the clinical significance of m6A RNA methylation regulator-related AS in the tumor microenvironment has not been investigated in low-grade glioma (LGG).
Methods: We used 12 m6A methylation modulatory genes (WTAP, FTO, HNRNPC, YTHDF2, YTHDF1, YTHDC2, ALKBH5, YTHDC1, ZC3H13, RBM15, METTL14, and METTL3) from The Cancer Genome Atlas (TCGA) database as well as the TCGA-LGG (n = 502) dataset of AS events and transcriptome data. These data were downloaded and subjected to machine learning, bioinformatics, and statistical analyses, including gene ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis. Univariate Cox, the Least Absolute Shrinkage and Selection Operator (LASSO), and multivariable Cox regression were used to develop prognostic characteristics. Prognostic values were validated using Kaplan-Maier survival analysis, proportional risk models, ROC curves, and nomograms. The ESTIMATE package, TIMER database, CIBERSORT method, and ssGSEA algorithm in the R package were utilized to explore the role of the immune microenvironment in LGG. Lastly, an AS-splicing factor (SF) regulatory network was examined in the case of considering the role of SFs in regulating AS events.
Results: An aggregate of 3,272 m6A regulator-related AS events in patients with LGG were screened using six machine learning algorithms. We developed eight AS prognostic characteristics based on splice subtypes, which showed an excellent prognostic prediction performance. Furthermore, quantitative prognostic nomograms were developed and showed strong validity in prognostic prediction. In addition, prognostic signatures were substantially associated with tumor immune microenvironment diversity, ICB-related genes, and infiltration status of immune cell subtypes. Specifically, UGP2 has better promise as a prognostic factor for LGG. Finally, splicing regulatory networks revealed the potential functions of SFs.
Conclusion: The present research offers a novel perspective on the role of AS in m6A methylation. We reveal that m6A methylation regulator-related AS events can mediate tumor progression through the immune-microenvironment, which could serve as a viable biological marker for clinical stratification of patients with LGG so as to optimize treatment regimens.
Keywords: low-grade glioma, alternative splicing, machine learning, tumor immune microenvironment, prognosis, gene signature
1 INTRODUCTION
Low-grade glioma (LGG) is the most prevalent type of progressive and aggressive brain cancer affecting ∼5,000 adults in the United States annually (Li G. et al., 2021). LGG is a heterogeneous group of neuroepithelial tumors derived from the malignant transformation of astrocytes or oligodendrocytes (Sun et al., 2021). According to the criteria of the World Health Organization (WHO), LGC can be classified into grade II (diffuse low grade) and grade III (intermediate grade) glioma tumors. Although the clinical outcome of LGGs is relatively good compared to grade IV tumors, the survival of patients among those with LGGs ranges between 1 and 15 years (Gargini et al., 2020). However, 70% of patients with LGGs experience high-grade gliomas, recurrence, and death within 10 years (Van Den Bent, 2014). Long-term survival of patients with LGGs is not only dependent on histological presentation, the extent of resection, and radiotherapy status but also a myriad of molecular features. These include isocitrate dehydrogenase (IDH) 1 and 2 mutations, 1p19q coding deletion, chromosome 10 loss, chromosome 7 gain, chromosome 19/20 co-gain, as well as mutations in ATRX, TP53, EGFR, and PTEN (Louis et al., 2021). Nonetheless, as the clinical characteristics of patients with LGGs differ considerably, the progression-free survival (PFS) and overall survival (OS) are significantly diverse, posing a challenge to reliably forecasting prognosis. Thus, a thorough investigation of the modulatory processes of the occurrence and progression of LGG is required to identify biological markers for diagnosis, prognosis, and treatment target identification.
Generally, LGG is characterized by epigenetic alteration that demonstrates substantial genetic and phenotypic variability (Condelli et al., 2019). Traditional epigenetic studies have focused on non-coding RNAs, chromatin remodeling, histone modifications, and DNA methylation (Xiang et al., 2020). In recent years, various reversible chemical changes of RNA have increasingly received attention as a new epigenetic modality of regulation (Cui et al., 2021). Internal modification of RNA by N6-methyladenosine (m6A) is thought to be the most prevalent, pervasive, and maintained alteration of RNA in nature. Since the discovery of RNA demethylases and the advancement of RNA methylation sequencing methods, RNA methylation has been recognized as a common phenomenon (Huang et al., 2020) and a critical modulator of RNA translation, stability, alternative splicing (AS), processing, as well as transcription (Lichinchi et al., 2016). The m6A modification predominantly takes place on the adenine of the RRACH motif sequence according to three protein complexes known as the “writer”, “eraser”, and “reader” (Fu et al., 2014). The encoder (writer) is a methyltransferase, and the components of this complex are known to be METTL3, METTL14, WTAP, ZC3H13, and RBM15; while FTO and ALKBH5 serve as demethylases (eraser) to revert methylation; moreover, the recognition of m6A is accomplished by m6A-binding proteins (readers) found to be YTH structural domain proteins (i.e., YTHDF2, YTHDF1, YTHDC2, and YTHDC1) and the HNRNP family of nuclear inhomogeneous proteins (HNRNPC) (Bian et al., 2020).
The encoder modulates the buildup of the m6A function, whereas the decoder modulates its depletion. Encoders and decoders are essential for the maintenance of a dynamic equilibrium of the levels of m6A in body cells and tissues. In view of the identification of m6A deposits on natural RNA transcripts in the transcriptional process by readers (m6A binding proteins), they could affect post-transcription gene regulation. The abundance and expression of m6A regulators are generally dysregulated in a variety of cancers, and crucial for the incidence, progression, metastases, recurrence of cancers, and the development of drug resistance in gliomas (Du et al., 2021). For example, METTL3-mediated m6A alterations were found to be remarkably increased in GBM cells that were resistant to temozolomide. Furthermore, the functional overexpression of METTL3 in GBM cells can lead to decreased temozolomide responsiveness (Shi et al., 2021). It was also found that YTHDF2 promotes the decay of UBXN1 mRNA through recognition of METTL3-mediated m6A modifications, thereby activating NF-κB and promoting the malignant progression of glioma (Chai et al., 2021). In addition, METTL3 promotes malignant growth in IDH wild-type gliomas via the mechanism of enhancing MALAT1 stability through m6A alteration with the aid of HuR and by means of activating NF-κB. (Chang et al., 2021). It was also discovered that the Jumonji domain-containing 1C (JMJD1C) protein promoted H3K9me1 demethylation in the microRNA miR-302a promoter region, leading to an elevated level of miR-302a expression. MiR-302a has been discovered as a target of the transcription factor METTL3, which can suppress SOCS2 production by modifying the m6A gene (Zhong et al., 2021). Furthermore, research on the m6A modulatory genes has revealed that they serve as mRNA splicing factors (SFs) for AS and that the m6A genes that participate in the regulation mechanism could interface with AS processes as well. AS events are often observed in human cancer cells, and these events are regulated by m6A modulators. For instance, in pancreatic ductal adenocarcinoma, HNRNPC inhibits m6A-dependent antimetastatic AS events (Huang et al., 2021). In the case where the CLK1/SRSF5 pathway is activated, aberrant exon skipping in the METTL14 and Cyclin-L2 genes are induced, triggering pancreatic ductal adenocarcinoma cell proliferation and metastasis while also modulating m6A methylation (Chen S. et al., 2021). The overexpression of SFs in normal cells could result in the generation of particular pro-oncogenic splice isoforms, thus contributing to the occurrence and progression of cancer.
In post-transcription modulation, AS is among the most essential processes. It is also a regulatory process in which the RNA antecedents are preferentially spliced and ligated. Moreover, it has the potential to produce extensive biodiversity (Cai et al., 2019). The assembling of spliceosomes on pre-mRNA is normally regulated by the SF and the integration of certain exons into the mRNA. As a consequence, under several AS modes (i.e., mutually exclusive exons [ME], alternate terminator [AT], alternate acceptor site [AA], alternate promoter [AP], alternate donor site [AD], retained intron [RI], and exon skip [ES]), complete exons may be spliced into mRNA or be omitted (Li X. et al., 2021). However, in pathological conditions, variable splicing of transcripts could result in functional and structural variability of proteins. Among them, several transcripts might serve as potential tumorigenesis-inducing drivers (Siva et al., 2014; Papatsirou et al., 2021). An additional characteristic of cancer is the expression of splice isomers that are not balanced, or the inability to express the right isomer (Wollscheid et al., 2016; Xiong et al., 2018). A recent research report described that the m6A RNA methylation regulator-associated AS gene signature has the potential to anticipate prognosis in non-small cell lung cancer. They further identified different AS events and their potential regulatory mechanisms to expand further comprehension of tumors in transcriptomic mechanisms. More importantly, there is growing evidence that AS performs an instrumental function in the establishment of the immune microenvironment (Li Z. et al., 2019; Deng et al., 2021). Alterations in AS not only influence the infiltration of immune cells but also modulate tumor-related immune cytostatic functions (Yu et al., 2021).
Although AS is critical in regulating m6A methylation, the clinical significance of m6A regulator-associated AS in the tumor microenvironment (TME) has not been investigated in LGG. In the research, we study might offer a new perspective for the identification of biological markers predicting LGG prognosis and explore their prognostic significance for patients with LGG. Finally, our exploration of the mechanism of m6A methylation-related AS mediating tumor progression in the TME could offer a novel insight into its impact on LGG prognosis.
2 MATERIALS AND METHODS
Data collection and analysis
We queried and acquired gene expression patterns of LGG tissue samples from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) for analysis. The relevant clinical-pathological data and Genotype-Tissue Expression (GTEx) data in normal tissues were subsequently obtained from the University of California, Santa Cruz database (UCSC, https://xena.ucsc.edu/), which comprised of 529 LGG tissue samples and 1,152 normal samples (containing 103 normal cerebral cortexes). We did not include patients having inadequate clinical records and lacking follow-up duration information. In this way, a total of 502 LGG samples were included in the present research. In addition, AS events in LGG were downloaded from TCGA Splice Seq (https://bioinformatics.mdanderson.org/TCGASpliceSeq/PSIdownload) and afterward the percentage splicing index (PSI) value, which is a quantitative marker of AS, was calculated, after comparison between subgroups of single and multiple samples, i.e., calculating the percentage value of each AS event, which is commonly utilized in the quantification of AS events. Specifically, for every splicing event in a separate gene, the PSI value is defined as a ratio of the standardized read tally denoting the presence of a transcription component to the overall number of standardized reads (including inclusion and exclusion reads) for that event, with a quantified interval (0–1). Our download includes seven major AS types, namely ME, AT, AP, AA, AD, RI, and ES.
Identification and profiling of m6A RNA methylation regulatory genes
In total, 12 m6A RNA methylation modulatory genes were chosen for the present research, including 5 “writer”-methyltransferases including METTL3, METTL14, WTAP,ZC3H13,RBM15, and 2 “writer”-methyltransferases demethylases including m6A demethylase ALKBH5 and fat mass and FTO, 5 “reader”-binding proteins in the cell including YTHDC1,YTHDC2,YTHDF1,YTHDF2, and HNRNPC. For this purpose, we input the data of these m6A modulators into Cytoscape (version; 3.9.0) and then performed data analysis with the aid of the ClueGO plugin. We then assessed their function in diagnosis, progression prediction, and patient prognosis of LGG. Afterward, we conducted the GO and KEGG pathway and network analyses using the GO terms biological process (BP), molecular function (MF), and cellular component (CC) with adjusted p < 0.05 as the threshold of statistical significance. Afterward, we selected and analyzed the differential expression of m6A RNA methylation-regulated genes in LGG tissue samples with the aid of the “LIMMA” R package with the threshold value of |log2 fold-change (FC)| ≥1 and an adjusted p < 0.05. Tumor samples were clustered using the R packages “euclidean” and “ward.D2” methods, and the findings of clustering analysis were illustrated by performing the differential expression analysis by virtue of the “pheatmap” R function. An investigation on the relationship between clustering and clinical features was performed by Spearman correlation analysis. With the assistance of the “surv” R package, we conducted univariate and multivariate Cox regression analyses for the purpose of anticipating the correlation between all these m6A RNA methylation-regulated genes and the overall survival of patients.
Machine learning analysis
We acquired an aggregate of 48,050 AS event features of patients with LGG from the TCGA database using Splice-Seq data. Since the number of features is too large and contains a lot of redundant information causing wastage of computational resources, we used a machine learning method to extract key features. We used AS events to construct the machine learning model and train the model by minimizing the following equation:
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In which six machine learning models were “boosting”, “bagging”, “XGBoost”, “Adaboost”, “GBDT”, and “randomforest”. where data [image: image] Rm*n is the AS event data, m is the number of data, n is the dimensionality of the characteristic, pred [image: image] Rm*n is the results of AS event data predicted with the aid of machine learning models, loss_function denotes the loss function, and the difference between pred and label is measured with second-order Euclidean distance as the loss function so as to optimize the model, achieving an accuracy rate of over 85%. Thus, we extracted the key features of each model, sorted their importance, and observed the prediction effect of the model under the different number of features. Finally, the features are screened as effective features when the prediction effect is stable.
Identification of gene AS events with OS of patients with LGG
We used the “WGCNA” (Weighted gene co-expression network analysis) R software package to associate AS events with OS in patients with LGG. WGCNA is capable of analyzing a large amount of genomic data to discover genomes correlated with tumor phenotypes. Hence, it enabled us to process data on AS events from clinical features and m6A modulatory gene expression profile association information, while avoiding the use of redundant numerous hypothesis tests and correction procedures. For this purpose, we obtained the AS event data according to the formula Aij = power (Sij, β) = |Smn|β (j and i denote the AS event of j and i, respectively, whereas n and m denote the node connections counts, and β denote the appropriate soft threshold power) was computed for the standard scale-free network to produce the appropriate value of β. Then, we used the topological overlap matrix TOMij= [image: image] (i and j denote the AS event associated with i and j, respectively, whereas u denotes clinical characteristics and prognosis data). This step involves the establishment of a weighted adjacency matrix, which was translated in the form of TOM. Subsequently, we employed a dynamic tree cutting approach for the purpose of finding the modules that are strongly correlated with AS events on the basis of hierarchical clustering. 1-TOM was used as the AS event distance measure for depth (threshold value of 2) and least size (threshold value of 60). Thereafter, relatively identical modules were merged with the aid of clustering and a height threshold of 0.3 that was determined by earlier research. Eventually, we carried out Spearman correlation as well as module signature gene analyses on the expression of the m6A modulator gene for the purpose of investigating the correlation between clinical characteristics and prognosis of 502 patients with LGG. Considering previous research, we identified and examined the modules that were most remarkably correlated with clinical characteristics and m6A modulator genes, i.e., an absolute correlation coefficient between m6A regulator and AS event modules exceeding 0.4 with adjusted p < 0.05. Finally, we conducted univariate and multivariate Cox regression analyses to examine the correlation between AS events and the OS of patients with LGG.
GO and KEGG enrichment analysis of AS genes
Following the screening for AS events related to m6A, we analyzed these OS-associated AS genes using GO terms (CC, MF, and BP) and KEGG pathway analyses. The data for m6A-related AS genes and m6A-modulated genes were further explored with the aid of the ClueGO plugin of Cytoscape. In order to determine the threshold for statistical significance, an adjusted p < 0.05 was used. Following that, we constructed functional networks for the associated genes using Cytoscape.
Establishment and evaluation of the m6A RNA methylation regulator-related AS gene risk model
To discover m6A regulator-related AS events associated with survival, we performed univariate Cox regression analysis to delve into the correlation between m6A regulator-associated AS events and the OS of patients with LGG (p < 0.05). Then, the obtained data were subjected to visualization with the aid of volcano and UpSet plots. In addition, bubble plots were drawn to demonstrate the 20 most significant AS events across the seven classes of survival-associated AS events. Second, for the purpose of screening candidates within every clipping sequence and preventing model overfitting, we conducted minimal Lasso regression analysis. Ultimately, the seven AS events were integrated into the multi-factor Cox regression analysis with the aim of identifying prognosis predictors. Moreover, prognosis risk scores for predicting OS were produced using the seven AS events. The PSI values of the AS events were utilized to develop a multivariate prognostic model. The formula below was utilized to derive the risk scores:
[image: image]
where n denotes the number of survival-associated AS events, βi denotes the coefficient index of those events, and PSI denotes the PSI value of those events. Based on the median value of the risk scores, the LGG sample was classified into two groups, namely the high- and low-risk groups. To contrast the survival rates between the two groups, we employed the Kaplan-Meier survival curves. Moreover, a two-sided log-rank test, as well as the computation of the area under the curve (AUC), were performed with the aid of the “survivor” and “survminer” R packages. The significance criterion was set as p < 0.05. In addition, with the help of the R package “survival ROC” software, we successfully generate time-dependent receiver operating characteristic (ROC) curves to investigate the prognostic significance of this characteristic.
Examination of independent prognostic significance of m6A RNA methylation regulator-related AS risk score
For the purpose of determining if risk scores independently served as an indicator of prognosis, univariate and multivariate Cox regression analyses were performed utilizing risk values and accessible clinical data acquired from TCGA cohort.
Nomogram as a prognostic model based on AS events and clinicopathological characteristics
The model incorporated risk scores for m6A modulator-related AS events in addition to the clinical indicators of LGG, including age, gender, grading, diagnosis, and type (primary and recurrent), as well as mutation status of IDH1 (R132), ATRX, TP53, EGFR, and PTEN. This allowed the optimization of its prediction power, and the “rms” R package was used to determine independent prognostic factors, while relevant clinical parameters in the TCGA cohort were used as variables for the construction of column line plots. We created a horizontal straight line for the purpose of denoting the locations of the point of each variable according to the number of variables. Furthermore, the total number of points for each patient was obtained by adding all the points of the variables and standardizing their distribution between 0 and 100. OS values were calculated for patients with LGGs at 1, 2, and 3 years by placing them between each prognostic axis and the total points axis. Subsequently, we drew calibration plots with the aid of the “rms” R package, and the “rmda” and “devtools” R packages were applied to perform clinical decision curve analysis (DCA) to validate the utility of the column line plots in the cohort.
Relationship between risk score and characterization of tumor-infiltrating immune cells
We obtained information on the immune infiltration of each sample (including neutrophils, CD8+ T cells, macrophages, dendritic cells, CD4+ T cells, and B cells) using Tumor Immune Evaluation Resource (TIMER) (https://cistrome.shinyapps.io/timer/) (TIMER). Then, we probed into the correlation between tumor immune cell (TIC) infiltration and prognosis risk scores. We used the “GSEAbase” R package to perform a single-sample gene set enrichment analysis (ssGSEA) of the enrichment of two separate risk groups in a set of 29 immune function-related genes. Subsequently, the “ESTIMATE” R package was used with the aim of measuring the extent and degree of tumor purity and infiltrated cells (i.e., immune and macrophages cells), thus confirming that the tumor immune milieu features of the two risk groups were significantly different. Identification of cell types was performed based on the levels of 22 distinct types of immune cells present in each tumor sample, which was obtained by measuring the relative subset of RNA transcripts (CIBERSORT; https://cibersort.stanford.edu/).
Risk score function in immune checkpoint blockade (ICB) therapy
The expression of key genes associated with ICB may correlate with the clinical outcomes following immune checkpoint inhibitor treatment of existing studies. Six critical genes for immune checkpoint blockade treatment, including indoleamine 2,3-dioxygenase 1 (ID O 1), cytotoxic T lymphocyte antigen 4 (CTLA-4), programmed death-ligand 1 (PD-L1, commonly referred to as CD274), PD-L2 (also known as PDCD1LG2), PD-1 (also designated PDCD1), and T-cell immunoglobulin structural domain and mucin-containing structural domain molecule-3 (TIM-3, also named HAVCR2). To reveal possible participants in constructing risk profiles in ICB-treated LGG, AS-based prognostic features were correlated with the expression of the six genes that participate in ICB. Furthermore, we analyzed the expression of 47 genes correlated with ICB in patients belonging to the two groups.
Correlation between SFs and AS events as well as their modulatory network
SFs can modulate AS events in the TME. As a result, developing a prognosis prediction model founded on AS events calls for simultaneous investigation of the correlation between AS events and SFs. Specifically, the PSI levels of AS events and the expression of potential SFs involved in these events were examined by means of Pearson’s correlation test. Statistical significance was set at p < 0.001 and correlation coefficients (r) > 0.6 or < –0.6. Subsequently, according to the analytic outcomes, we constructed a regulatory network between SFs and AS events, which was visualized with the aid of Cytoscape.
Statistical analysis
All statistical analyses were performed with the aid of R (version: 4.0.3). The “UpSetR” R package was utilized to examine the intersects and clusters of a variety of AS events. The “ClusterProfiler” R package was used for the purpose of conducting the KEGG and GO analyses. The “survival” and “survROC” R packages were used to perform the survival analysis. The LASSO multivariate Cox analysis was performed with the “glmnet” R package. The rates of survival were analyzed utilizing Kaplan-Meier curves and log-rank test, thus determining the possible statistical significance. Pearson correlation tests were used to investigate the correlation between risk scores, clinical factors, the extent of immune cell infiltrates, and immunological checkpoints. A criterion of p < 0.05 denoted statistical significance.
3 RESULTS
Clinical characteristics and AS event profiles in LGG
We obtained LGG expression profile data from the TCGA database, as well as clinicopathology data from the UCSC database that were used in the present research. We obtained 502 LGG cases for data analysis. For the LGG samples, there were 278 males and 224 females, 232 patients aged <40 years, and 270 individuals aged ≥40 years. The patients were graded as G2 (n = 241) and G3 (n = 261) (Table 1). We observed 48,050 AS events in the LGG tissue sample, with ES being the most common of all AS events. AP ranked second as the most prevalent, with ME ranking last.
TABLE 1 | Baseline data of all LGG patients.
[image: Table 1]Correlation between m6A RNA methylation regulatory gene expressions and LGG prognosis
In the present research, we examined 12 m6A genes that were involved in the regulation of RNA methylation. We carried out GO terminology and KEGG pathway analysis and the findings demonstrated a remarkable enrichment of these modulators of m6A in mRNA spliceosome biological processes, RNA modifications (RNA methylation biological processes), and RNA instability biological processes (Figure 1A). In addition, the findings recorded from the Wilcoxon rank-test demonstrated a differential expression in normal and LGG tissues except for WTAP (p < 0.001) (Figure 1B). The results obtained from the univariate Cox regression illustrated that the expression of RBM15, WTAP, YTHDF1, METTL3, YTHDC1, FTO, and YTHDF2 predicted OS in patients with LGG (p < 0.05) (Figure 1C). Therefore, we included BM15, METTL3, YTHDF1, YTHDC1, FTO, and YTHDF2 regulatory genes as subsequent SFs for association analysis.
[image: Figure 1]FIGURE 1 | Relationship between the methylation status of the m6A RNA modulatory genes and the prognosis of patients with LGG (A) The GO terms and KEGG enrichment pathways analyses of the m6A modulator genes; the various colors reflect the various pathways. (B) In LGG, 12 m6A RNA-methylated regulator genes exhibit differential expression (C) The forest plot representing the analytical data for the univariate Cox regression. The 12 m6A RNA methylation modulators in LGG examined by means of univariate Cox regression and visualized by a forest plot. (D–I) Six algorithms applied to screen the potential AS. The number of features with the maximum accuracy and least margin of error after fivefold cross-validation in “Boosting”, “Bagging”, “XGBoost”, “Adaboost”, “GBDT”, and “Randomforest”. ***p < 0.001, **p < 0.01, and *p < 0.05.
Development and verification of the AS events based on multiple machine learning algorithms
We used six machine learning models such as “boosting”, “bagging”, “XGBoost”, “Adaboost”, “GBDT”, and “randomforest” to further elucidate the selected AS events. We used the final merged set of valid features for each of the six models as the variable clipping events for the next task, and a total of 3,272 valid features were extracted for the variable clipping events. We then visualized the features filtered by each machine learning model (Figures 1D–I). After comparison, we found that using the above-combined features, the prediction effect is basically comparable to the full number of features but reduces the number of operations by 90%, thus maximizing the prediction effect under the condition of limited computational resources.
Identification of m6A RNA methylation regulatory genes with LGG clinical characteristics
In the present research, we examined the relationship between AS events and weighted gene co-expression networks. The results demonstrated that they were congruent to the scale-free network (Figure 2B). The log10 transformed RNA-seq scores were discovered by performing hierarchical cluster analysis of the samples using Euclidean distance (Figure 2A), whereas the dynamic tree cutting technique exposed modules with similar expression patterns and combined similar modules (Figure 2C). We then analyzed AS events using the “WGCNA” R package and linked m6A regulator gene expression to clinical traits using Spearman correlation tests.
[image: Figure 2]FIGURE 2 | Determination of the AS events that are correlated with clinical characteristics and the m6A regulator expression (A) Sample dendrogram and trait indicator. (B) Assessment of the soft-threshold power of WGCNA analysis (C) The AS events in LGG samples are clustered hierarchically. The tree represents an LGG with a distinct name and experiment identification. (D–G) Genes associated with m6A-related AS events in LGG were subjected to analysis using GO terms and KEGG pathways. The GO terms (D–F) and KEGG pathways enrichment (G) analysis of the m6A-related prognostic AS genes in LGG (H) Association of the AS events with m6A methylation regulatory genes, age, gender, grade, Chr 7 gain/Chr 10 loss, as well as Chr 19/20 co-gain, mutations status of IDH1 (R132), IDH2 (R172), PTEN, EGFR, ATRX, and TP53.
The findings revealed that the MEyellow module was related to the expression of genes regulating m6A in patients with LGG (RBM15, P = 8e-11, r = –0.3; METTL3, P = 3e-11, r = 0.3; FTO, P = 3e-22, r = –0.43; YTHDF2, P = 8e-05, r = –0.18), and also significantly correlated with survival status (P = 6e-6, r = –0.21), grading (p = 0.02, r = –0.11), and PTEN mutation status (p = 0.03, r = –0.1).
In addition, MEred, MEturquoise, MEblue, and MEbrown modules exhibited a remarkable association with the expression of genes regulateing m6A (MEred: RBM15, adjusted P = 2e-29, r = –0.49; METTL3, adjusted p = 0.008, r = 0.12; YTHDF1, adjusted P = 8e-9, r = –0.27; YTHDC1, adjusted P = 4e-5, r = 0.19; FTO, adjusted P = 3e-9, r = 0.27; YTHDF2, adjusted P = 2e-42, r = –0.58; MEturquoise: RBM15 p = 0.04, r = –0.096; METTL3, adjusted P = 4e-64, r = 0.68; YTHDF1, adjusted P = 9e-13, r = 0.32; YTHDC1, adjusted P = 4e-10, r = 0.29; FTO, adjusted P = 3e-20, r = –0.41; YTHDF2, adjusted p = 0.03, r = –0.1; MEblue: RBM15, adjusted P = 2e-10, r = 0.29; METTL3, adjusted P = 8e-6, r = –0.21; YTHDF1, adjusted P = 2e-4, r = 0.17; YTHDC1, adjusted P = 1e-15, r = –0.36; FTO, adjusted P = 4e-9, r = –0.27; YTHDF2, adjusted P = 7e-28, r = 0.48; MEbrown: RBM15, adjusted P = 3e-22, r = 0.43; METTL3, adjusted P = 7e-15, r = 0.35; YTHDF1, adjusted P = 7e-20, r = 0.41; YTHDC1, adjusted P = 1e-10, r = 0.3; FTO, adjusted p = 0.002, r = –0.15; YTHDF2, adjusted P = 7e-5, r = 0.18).
In addition to this, the MEred, MEblue, and MEbrown modules were also correlated with the tumor grade of the patient (MEred: adjusted P = 1e-25, r = –0.46; MEblue: adjusted P = 1e-10, r = 0.29; MEbrown: adjusted P = 2e-5, r = 0.2), Chr 7 gain/Chr 10 loss (MEred: adjusted P = 1e-20, r = –0.42; MEblue: adjusted P = 8e-61, r = 0.67; MEbrown: adjusted p = 0.006, r = 0.13), and PTEN mutation status (MEred: adjusted p = 0.003, r = –0.14; MEblue: adjusted P = 3e-8, r = 0.25; MEbrown: adjusted p = 0.03, r = 0.1) (Figure 2H).
The above findings revealed that m6A-related AS events in the MEbrown, MEblue, and MEred modules forecast LGG progression and tumor grade, whereas the gain or loss of chromosomes and PTEN mutation status of patients may also influence m6A-related AS events. In addition, the MEred module included 208 AS events, the MEyellow and MEbrown modules both 386 AS events, the MEturquoise module 1,181 AS events, and the MEblue module 768 AS events. Analysis of GO terms and KEGG pathways in the LGG cohort showed that AS events associated with m6A were significantly enriched in mitogen-activated protein kinase (MAPK) signaling pathway, cancer signaling pathway, PI3K-Akt signaling pathway, neurodegenerative ailments, particularly, Alzheimer’s disease, Huntington’s disease, and processes of the nervous system, cellular metabolic processes, intracellular signaling, cell cycle regulation, regulation of catalytic activity, regulation of hydrolase activity, etc. (Figures 2D–G)
Identification of m6A-Related AS events with LGG prognosis
For the purpose of revealing the correlation between m6A-related AS events and LGG prognosis, we conducted a univariate Cox regression analysis of the data. With the aid of the UpSet plot, we identified 750 prognostic AS events in LGG, with intersecting genomic and splice subtypes (p < 0.05; Figures 3A,B, Supplementary Table S1). ES was the most prevalent pattern compared with other subtypes of AS events, followed by AP and ME, with ME being the least common pattern. Volcano plots were created for the purpose of visualizing the events of AS (Figure 4A). The 20 key AS events associated with survival in the seven subtypes is summarized in Figures 4B–H.
[image: Figure 3]FIGURE 3 | (A). An upset plot depicting interactions between distinct m6A methylation regulator-related AS types In LGG. (B). Upset plot showing survival-associated m6A methylation regulator-related AS types.
[image: Figure 4]FIGURE 4 | (A). The volcano plots of AS events associated with the m6A methylation regulator that is survival-relevant. In the TCGA-LGG cohort, the most crucial m6A-relevant RIs MEs, ESs, ATs, APs, ADs, and AAs were identified (B–H).
Construction and verification of the prognostic risk score model based on m6A-related AS events
To examine the ability of m6A regulator-related AS events in predicting patient prognosis, the above 7 AS events and their combinations were further subjected to LASSO regression and screened for the most important m6A regulator-related AS events. Figures 5A–H shows the results of the LASSO regression analysis. A multivariate Cox regression model was then employed on the independent prognostic indicators. A risk score was generated for every patient, and complete details on the prognostic factors based on the seven AS events are provided in Table 2. Patients with LGG were classified into two groups (low- and high-risk groups) according to their risk scores. Figures 6A–H depicts data on the kinds of potential AS events, as well as data on survival time and survival statuses, which are arranged based on the distributions of risk values. Patients in the low-risk group exhibited a more favorable prognosis as opposed to the ones in the high-risk subgroup, according to the findings of the Kaplan-Meier survival analysis (p < 0.05, Figures 7A–H). For the purpose of assessing the prognostic accuracy of the variables across time, a time-dependent ROC analysis was performed at 1, 3, and 5 years. In all cases with AS event characteristics, the ROC AUC values were over 0.7, indicating strong prognostic prediction ability (Figures 7A–H). The above findings suggest that the AS-based prognostic signature and risk scoring system has the potential to be used as a new method for LGG classification.
[image: Figure 5]FIGURE 5 | (A–H). AS events associated with the m6A methylation regulator and their correlation with the prognosis of patients with LGG were identified and validated utilizing LASSO regression. The 10-round cross-validation method was used for the purpose of evaluating these 12 m6A-related AS events that were correlated with the prognosis of patients with LGG, as well as the optimum levels of the penalty parameter.
TABLE 2 | Multivariate Cox analysis of prognostic N6-Methyladenosine-Related AS signatures of each AS type.
[image: Table 2][image: Figure 6]FIGURE 6 | (A–H). The risk scores associated with seven different kinds of m6A methylation regulator-associated AS signatures and combined AS signatures in patients with LGG. The spread of overall survival for patients with different risk scores is shown in the top panel of the figure. The variance trend in patient survival time with risk scores is shown in the center panel. The heatmap of AS events associated with the survival-related m6A methylation modulator is shown in the lower panel.
[image: Figure 7]FIGURE 7 | (A–H). Treatment outcome in the LGG cohort determined by survival analysis of the patients using the m6A methylation regulator-related AS signature and the Verification of the predictive efficacy of all AS signatures and the combined AS signature. The Kaplan-Meier survival curves of the patients in the high- and low-risk groups are shown in the left panel. The right panel depicts the ROC curve illustrating the prognostic precision of the individual AS signature and the combined AS signature.
Identification of m6A-Related AS events signature independence for prognostic prediction and development of AS-clinicopathological nomogram
To explore whether the prognostic significance of m6A regulator-associated AS events is independent of clinicopathological variables, we assessed the tumor grade, gender, LGG diagnosis type, age, tumor type (recurrent and primary), as well as the mutation statuses of IDH1 (R132), ATRX, EGFR, TP53, and PTEN. and m6A regulator-associated AS events based on the univariate and multivariate Cox regression analyses that were conducted for the prognostic risk score model. The findings of the multivariate analysis demonstrated that the risk score was remarkably correlated with OS of patients belonging to the two groups in the TCGA set (p < 0.001). In addition, five other clinical factors, namely age, grade, LGG diagnosis type, type (primary and recurrent), and IDH1 (R132) mutation status were also significant (p < 0.05) (Table 3 and Figures 8A,B). We also drew ROC curves comparing risk scores with other clinicopathological factors. The findings illustrated that risk score performed better in contrast with tumor grade, gender, age, LGG diagnosis type, tumor type (recurrent and primary), as well as mutation status of IDH1 (R132), ATRX, EGFR, TP53, and PTEN, along with some other factors (Figures 8C–E). These findings suggest that the prognostic performance of risk score for survival prediction in LGGs is significantly higher.
TABLE 3 | Univariate and Multivariate Cox Proportional-Hazards analysis for the N6-Methyladenosine-Related AS Events Riskscore and overall survival in LGG patient cohorts.
[image: Table 3][image: Figure 8]FIGURE 8 | (A) nomogram based on the AS signature and clinical characteristics associated with the m6A methylation regulator. Cox regression evaluations on univariate (A) and multivariate (B) data, as well as the model, indicating excellent prognostic performance independent of clinical variables. (C–E). ROC curve for anticipating overall survival (OS) at 1, 3, and 5 years used to validate the model’s prognostic accuracy in contrast with other individual components. (F) A nomogram created using the risk score, grade, diagnoses, age, and type data, as well as the IDH1 (R132) status. (G–I). Calibration plots showing agreement in anticipating the OS at 1, 2, and 3 years. (J–L). The DCA curve demonstrating agreement in anticipating OS at 1, 2, and 3 years.
The nomogram prognostic score system was created with the aim of effectively applying the findings of the present research to clinical practice. It predicts the 1-, 2-, and 3-years OS of patients according to the above-mentioned clinical parameters. This scoring system includes age, tumor grade, LGG diagnosis type, tumor type (primary and recurrence), IDH1 (R132) mutation status, and the risk score of m6A regulator-related AS events (Figure 8F). Subsequently, to validate the reliability of this model, we performed calibration plots analysis (Figures 8G–I), and the findings of the present research confirmed the applicability of the model in real-world situations. Hence we validated the data presented above by means of clinical DCA to investigate if nomogram plots could accurately anticipate 1-, 2-, and 3-years OS of patients (Figure 8J–L). The findings revealed that nomogram plots exerted remarkably improved performance in anticipating patient prognosis as opposed to any of the independent variables. To highlight the robust prognostic value of nomogram, we compared the efficacy of other signatures from references. Currently there are only three publications on survival prediction alternative splicing in LGG (Liu et al., 2020; Wang et al., 2020; Zeng et al., 2020). Hence, we used C-index in entire TCGA-LGG cohort to compare the prognostic ability of the different models. C-index value showed that our nomogram had the strongest predictive performance (0.861 > 0.819 > 0.797 > 0.762). In view of the fact that no accurate survival prediction model is available for patients with LGG at present, the development of such a model is of great necessity for both clinical practitioners and patients.
Relationship between risk score and characterization of the tumor immune environment
To furthermore investigate the potential of the risk score serving as an immune marker, we conducted a correlation analysis between the prognostic risk score and TIMER for TICs, immune score (obtained by the ESTIMATE algorithm), ssGSEA signature, and TIC subtypes and levels (obtained by the CIBERSORT method. Specifically, the findings of the TIMER experiment revealed that the created signatures were correlated with CD8+ T cells (r = 0.25, p = 0.0033), eosinophils (r = –0.23, p = 0.0063), M0 macrophages (r = 0.34, p = 4.7e-5), M1 macrophages (r = 0.37, p = 5.9e-6), M2 macrophages (r = 0.17, p = 0.043), activated mast cells (r = –0.34, P = 3e-5), resting mast cells (r = 0.25, p = 0.0034), monocytes (r = –0.21, p = 0.014), and activated NK cells (r = –0.26, p = 0.0023) (Figures 9A–I), indicating that more immune cells were infiltrated in the high-risk samples. Then, we examined the differences in immune scores and infiltration levels of immune cells between the two groups. The ImmuneScore (Figure 9J, p < 0.001), StromalScore (Figure 9K, p < 0.001), and ESTIMATEScore (Figure 9L, p < 0.001) were remarkably elevated in the group at high-risk as opposed to that of the low-risk group. Interestingly, TumorPurity was shown to be elevated in patients belonging to the low-risk group in contrast with those at high risk (Figure 9L, p < 0.001). Subsequently, the immune-related characteristics of these two subgroups were distinguished. Figures 9N,O show the immune-associated characteristics of each patient and the matching immune scores for the two subgroups. According to the findings, antigen-presenting cell co-stimulation, antigen-presenting cell co-inhibition, type Ⅱ interferon response, check-point, type I interferon response, inflammation-promoting macrophage, T follicular helper cells, T helper 1/2 cells, para-inflammation, neutrophils, plasmacytoid dendritic cells, T cell co-stimulation, T cell co-inhibition, MHC class I, T helper cells, cytolytic activity, human leukocyte antigen, immature dendritic cells, regulatory T cells, CC chemokine receptor, CD8+ T cells, and B cells were all significantly increased with increasing risk scores for immune characteristics (Figure 9P). Further investigation of the changes in immune checkpoint expressions between these two groups was also performed. We observed remarkable differences that were of statistical significance in the expression of checkpoint genes such as activated mast cells, M1 macrophages, M0 macrophages, and CD4 memory activated T cells between the two subgroups (Figure 9Q, p < 0.05). In view of the predictive aspects of m6A regulator-related AS events, the findings indicate that a novel approach to elucidate the features of immune regulatory networks in LGG could be developed.
[image: Figure 9]FIGURE 9 | A correlation was observed between the infiltration status of immune cells and an AS-based predictive signature based on the m6A methylation modulator. (A). The correlation between the signature and CD8+ T cells. (B). The signature is correlated with eosinophils. (C). The correlation between the signature and M0 macrophages. (D). The correlation between the signature and M1 macrophages. (E). The correlation between the signature with M2 macrophages. (F). The correlation between the signature and activated mast cells. (G). Relationship between the signature and resting mast cells. (H). Relationship between the signature and monocytes. (I). Relationship between the signature and activated NK cells. (J–M). Comparison of ImmuneScore, StromalScore, ESTIMATEScore, and TumorPurity among low- and high-risk groups. (N). Enrichment of 29 immunological markers in low-/high-risk subgroups shown with a heatmap. (O). A heatmap of 29 immunological markers and their associated immune scores for two distinct groups. (P). Differentiation of immunological signature enrichment between the two groups. (Q). Difference of infiltrating immune cell subpopulations and levels between low-/high-risk groups.
Association between the AS signature and the main molecules in the ICB
Immune checkpoint inhibitors, which were introduced with the advent of ICB treatments, have had a significant impact on clinical practice in oncotherapy. Six major immune checkpoint inhibitor genes, including CTLA-4, HAVCR2, PDCD1LG2, CD274, ID O 1, and PDCD1, were shown to be associated with one another. The relationship between crucial ICB targets and prognostic factors of LGG was also investigated for the purpose of determining if risk variables perform a role in ICB for LGG treatment (Figure 10A). The results showed that prognostic features were associated with CD274 (r = 0.53; p < 0.001), CTLA4 (r = 0.36; p < 0.001), HAVCR2 (r = 0.58; p < 0.001), ID O 1 (r = 0.4; p < 0.001)), PDCD1 (r = 0.46; p < 0.001), and PDCD1LG2 (r = 0.67; p < 0.001) (Figures 10B–G). Further correlation analysis demonstrated a remarkable upmodulation in the expression of 39 ICB-related genes in most high-risk patients (Figure 10H), demonstrating that the prognostic features of AS could perform an indispensable function in immunotherapy.
[image: Figure 10]FIGURE 10 | (A). Association between m6A methylation regulator-related AS-based prognostic profile and critical immune checkpoint genes. (A). Analysis of the relationship between the immune checkpoint inhibitors CTLA4, HAVCR2, PDCD1LG2, IDO1, CD274, PDCD1, and the risk score. (B–F). Analysis of the correlation between risk score and PDCD1LG2, CTLA4, HAVCR2, PDCD1, CD274, and IDO1. (H). The gene expression associated with immune checkpoint inhibition between low- and high-risk subgroups.
UGP2 independently affects prognosis and is associated with ICB-related genes and TME
We performed differential analysis from the AS event genes involved in the model construction, setting a threshold of |logFC|>1 and p < 0.05. Ultimately, only two genes (UDP-glucose pyrophosphorylase 2 [UGP2], SDR39U1) were found to be significantly different from those in tumor and normal tissues. UGP2 was the primary protein-coding gene as the modification of UGP2 was the most obvious. Moreover, the expression of UGP2 is significantly associated with the prognosis of patients with tumors. It has been shown that UGP2 is associated with pancreatic cancer (Wolfe et al., 2021), glioma (Zeng et al., 2019), and other malignancies (Wang et al., 2018). According to the data acquired from the GTEx and TCGA, UGP2 expression was compared between normal and tumor samples. Relative to tumor tissues, UGP2 expression was higher in normal samples (Figure 11A). With the aim of fully assessing the predictive utility of UGP2 in LGG, a Kaplan-Meier analysis was performed on patients having UGP2-high- and -low expression through the GEPIA database (http://gepia.cancer-pku.cn/). As shown in Figures 11B,C, lower UGP2 expression significantly indicated longer OS (P = 5e-4) and longer disease-free survival (p = 0.00032). Next, we analyzed the m6A regulator-associated AS model in different gene mutation and wild-type states and showed that UGP2 exhibited a remarkable association with the mutation status of ATRX, IDH1R132, PTEN, EGFR, and TP53(p < 0.05) (Figures 11D–H). Moreover, in contrast with the UGP2-high and -low groups, the gene expressions in 26 immune check blockage-related genes were significantly dysregulated between the different subgroups (p < 0.05) (Figure 11I). We then compared the immune scores between both the UGP2-high and -low groups, as well as the infiltration levels of immune cells between the two groups, thus revealing the functions of m6A regulator-associated AS events in the immunological milieu of LGGs. StromalScore (Figure 11K, p = 5.8e-7) and ESTIMATEScore (Figure 11L, p = 0.014) were discovered as being elevated in the UGP2-high group in contrast with the -low group, but ImmuneScore was not statistically significant between the two groups (Figure 11J, p = 0.36). Interestingly, TumorPurity was remarkably elevated in the UGP2-low group as opposed to the -high subgroup (Figure 11M, p = 0.012). A correlation analysis was also conducted to examine the relationship between our m6A regulator-associated AS prognostic characteristics and the subcategories of immune cell infiltration in LGG. The expression of M0 macrophages, M1 macrophages, resting mast cells, monocytes, activated NK cells, CD8+ T cells, and activated mast cells were correlated with risk scores of 0.32, 0.36, 0.18, –0.25, –0.18, 0.26, and –0.29, respectively (Figures 11N–T). The results of CIBERSORT analysis demonstrated that the patients at low risk exhibited a remarkably higher proportion of monocytes, whereas activated mast cells were considerably elevated in patients at low risk. Furthermore, M1 and M0 macrophages, regulatory T cells, memory-activated CD4+ T cells, and CD8+ T cells were elevated in high-risk patients as opposed to those at low-risk (Figure 11U). The findings recorded from the ssGSEA highlighted that the expression of all immune-associated features was statistically different (p < 0.05) between patients with either low or -high UGP2 expression, except for inhibitory dendritic cells, mast cells, MHC class I, and T helper cells (Figure 11V).
[image: Figure 11]FIGURE 11 | The clinicopathological value of UGP2 in LGG and TME features. (A). UGP2 expressed in LGG tumor tissue and normal tissue. Lower UGP2 expression led to prolonged overall survival (B) and disease-free survival (C). (D–H). The UGP2 expression exhibited substantial differences among the mutation status of IDH1 (R132), EGFR, TP53, ATRX, and PTEN. (I). The expressions of immune checkpoint blockade-related genes between the low- and high-UGP2 subgroups. (J–M). Comparison of ImmuneScore, StromalScore, ESTIMATEScore, and TumorPurity among low-/high- UGP2 groups. (N–T). Relationship between low-/high-UGP2 groups with activated mast cells, activated NK cells, monocytes, CD8+ T cells, resting mast cells, as well as M0 and M1 macrophages. (U). Comparison of CIBERSORT results between low-/high- UGP2 groups. (V). Comparison of ssGSEA enrichment between low-/high-UGP2 subgroups.
Analyses of the regulatory network between SFs and AS events utilizing m6A
To explore the fundamental processes of AS modulation, we developed a correlation network between the expression patterns of SFs and the PSI values of m6A regulator-associated AS events by performing correlation analyses on AS and RNA sequence expression data. In total, 73 upmodulated (purple ovals) AS events, 54 downmodulated AS events (yellow ovals), and 123 SFs (Pearson r > 0.6 or < –0.6, p < 0.001) were identified (Figure 12A). The aforementioned SFs and AS events yielded 553 SF-AS, 346 of which were positively related and 207 of which were negatively associated. We created a regulatory network using these paired SFs and AS events. Thus, these SFs may be crucial modulators of AS dysregulation in LGG, thus regulating the occurrence and progression of LGG.
[image: Figure 12]FIGURE 12 | (A). The regulatory network between splicing factors and m6A methylation regulator-associated AS events.
4 DISCUSSION
An increasing number of researchers are focused on developing AS profiles to assess the prognosis of patients with cancer. However, limited research has been done on the function of m6A regulator-associated AS in patient prognosis and the immune microenvironment of malignant tumors including LGGs. Considering the heterogeneity of m6A methylation modifications, it is necessary to quantify the m6A methylation modification profile of individual tumors, such as LGGs. In the present research, we conducted a thorough analysis of the expression, prognostic significance, and impact on the immune microenvironment of m6A methylation-associated AS in LGGs.
We explored the aberrant expression of 12 m6A-regulated genes as well as the AS-related events for the purpose of creating a risk profile that might be employed to anticipate OS in patients with LGG. We found several genes substantially changed in LGG tissues in contrast with their normal counterparts, which may be utilized to anticipate patient survival. First, we discovered that LGG has 48,050 mRNA splicing events and that mRNA splicing can be regulated using the m6A regulator. The five AS genes in LGG were employed to create a prognosis-associated AS event signature for LGG, and patients were classified into low- and high-risk groups according to their AS event signature. The data showed that UGP2|53745|AP, SET|87776|AP, SDR39U1|27009|AA, RPAIN|38691|ES, and RAD52|19633|AP were the AS events associated with m6A regulators in LGG. Further analysis revealed that risk characteristics, age, tumor grade, LGG diagnosis type, tumor type (primary and recurrent), and IDH1 (R132) mutation status independently served as prognostic indicators of LGG. In addition, the AUC of the ROC curves demonstrated better specificity and sensitivity of LGG than other recent studies, respectively (Wang et al., 2020). In conclusion, the present research demonstrates the role of this AS prognostic feature in predicting LGG prognosis. The validity of this AS feature will be confirmed in future research with the aid of a prospective dataset of patients with LGG.
Various treatment methods, such as histone deacetylase inhibitors and drugs targeting hypoxia-related pathways, have been developed as a result of substantial research into the role of DNA and epigenetic histone modifications in cancer progression (Miller et al., 2009). However, the specific role of mRNAs in different cellular processes has become a rapidly developing field in the last decade (Ge et al., 2020). At present, M6A is the most prevalent type of mRNA modification in eukaryotes and abundant total adenosine has been found in 0.1–0.4% residues (Rauch et al., 2018). M6A has already been demonstrated to be common across the transcriptome, and it has been found in the mRNAs of over 7,600 genes in addition to more than 300 non-coding RNAs(Lu et al., 2020). It is an evolutionarily conserved gene in both humans and mice located close to the stop codon in the 3′UTR as well as in internal exons of both species (mostly variable exons); moreover, it can alter RNA stability, AS, intracellular distribution, and translation (Niu et al., 2020). AS is an extremely common process where a single pre-mRNA may lead to several mature mRNAs, thus increasing the variety of proteins and enabling the cell to become more complex in terms of both regulatory and functional complexities (Wang et al., 2021). According to genome-wide research, 90–95% of human genes are subjected to some kind of AS at some timepoint, and ∼1/3 of these genes (including m6A-related genes) have been shown to produce multiple protein isoforms (Chen X. et al., 2021). Studies have shown that AS has an integral function in the acquisition of tissue properties, organ development and growth, as well as being involved in a wide range of pathological changes, such as cancer (Wang et al., 2021). Human cancers can use paradoxical AS for their occurrence, growth, and development into treatment-resistant cancers. Wu et al. revealed METTL3-D splice variant is a tumor suppressor that could potentially be used as a target for hepatocellular carcinoma therapy (Xu et al., 2022). Wang et al. establishes a link between SRSF3, m6A modification, lncRNA splicing, and DNA HR in pancreatic cancer and demonstrates that abnormal alternative splicing and m6A modification are closely related to chemotherapy resistance in pancreatic cancer (Wang et al., 2022).
M6A modifications and AS are the most common types of alterations found in mRNA transcripts, and these alterations are thought to have a significant impact on the occurrence and progression of human malignancies (Makhafola et al., 2020). It has demonstrated that gene methylation facilitated by the m6A regulator is essential for the occurrence and progression of LGG. Nevertheless, there has been slow progress to date in comprehending the possible molecular pathways underlying the role of m6A regulation in cancer progression. During AS events, we discovered that m6A regulators perform fundamental functions as SFs. To further investigate m6A regulators and associated AS events in LGGs, we performed GO term and KEGG pathway analysis of the remarkable enrichment of m6A regulators in biological processes such as mRNA spliceosome biological processes, RNA modification (RNA methylation biological processes), and RNA instability. It was found that m6A regulators influence the course of AS events. For example, AS of VEGFA, as well as osteogenic differentiation of bone marrow mesenchymal stem cells, are regulated by the transcription factor METTL3 (Tian et al., 2019). In human pulp cells, the m6A writer METTL3 modulates the AS of MyD88 in responses to lipopolysaccharide-elicited inflammation (Feng et al., 2018). Furthermore, in the vicinity of the AS exon and poly-A sites, the m6A demethylase FTO has the ability to target pre-mRNAs and regulate AS and 3′ end processing. The AS effect of FTO knockdown is negatively associated with METTL3 knockdown, demonstrating the role of m6A (Bartosovic et al., 2017). Mettl3-mediated m6A modulates the differentiation of spermatogonia, initiation of meiosis, as well as differences in gene expression that participate in spermatogenesis and the spectrum of AS (Xu et al., 2017). METTL3 has also been shown to interact with skipped exons and AS events that substitute for the first exon (Mauer et al., 2019). Moreover, they found that the WTAP complex regulates AS of WTAP pre-mRNA by enhancing the synthesis of shortened isoforms, leading to alterations to the expression of the WTAP protein (Horiuchi et al., 2013). Tang and Klukovich also discovered that m6A demethylation that is dependent on ALKBH5 affects the stability and splicing of long 3′-UTR mRNA in male germ cells (Tang et al., 2018). A new stage in snRNA processing that included reversible methylation was discovered to be regulated by FTO, indicating that the epigenomic information contained in snRNA may have an impact on the AS patterns (Mauer et al., 2019). Luxton et al. discovered that the oncogene metadherin interacts with known splicing proteins T-STAR, Sam68, and YTHDC1, while also performing an instrumental function in alternative mRNA splicing (Luxton et al., 2019). During the course of mouse oocyte growth, the nuclear m6A reader YTHDC1 has been shown to modulate alternative polyadenylation and shearing. Furthermore, YTHDC1 deficiency results in a greater proportion of AS defects in oocytes (Kasowitz et al., 2018). This suggests that the m6A reader YTHDC1 affects AS processes. According to the findings of Fischl, hnRNPC modulates cancer-specific alternative polyadenylation and cleavage (Fischl et al., 2019). Clearly, the m6A RNA methylation regulatory genes mentioned above are critical in the regulation of AS events in LGG.
The present research demonstrated that AS events are a crucial mRNA modification process, as they result in the generation of a wide scope of mRNA and protein isoforms with a variety of modulatory roles. AS events in LGG have been shown to have prognostic significance, as demonstrated by Wang et al. who established a prediction model for abnormal AS events and anticipated the prognosis of patients with LGG (Wang et al., 2020). Specifically, the alternation of SF expression can influence numerous AS events in tumors. It was found that isoforms of the metabolism-related gene UGP2 may perform an instrumental function as an AS factor in HCC(Li S. et al., 2019). It was also found that hTERT+β was shown to correlate with clinical characteristics of glioma and might be used as a prognostic indicator or possible treatment target for glioma. CX-5461 can alter the splicing sequence of hTERT, thus suppressing the action of telomerase, and destroying GBM cells (Li et al., 2018).
In addition, we conducted GO and KEGG pathway enrichment analyses with the aim of discovering genes that were substantially implicated in m6A-related AS events in gene pathways involved in LGG tumorigenesis, progression, and metastatic processes. The findings reported from the KEGG analysis illustrated that genes in m6A-related AS events remarkably participate in MAPK signaling in LGG, which has a three-stage signaling process: MAPK, MAPK kinase (MKK or MEK), and kinase of MAPK kinase (MEKK or MKKKK) (Naik et al., 2017). The 3 kinases are triggered sequentially and jointly modulate a wide range of physiological functions, including inflammation, apoptosis, cancer progression, tumor cell invasion, and metastasis (Haagenson and Wu, 2010). They are activated by a series of extracellular stimulatory signals and mediate signal transduction from the cell membrane to the nucleus. However, further research is warranted to confirm this conjecture.
In order to determine the significance of AS events in LGG, we performed a CIBERSORT analysis and used the ssGSEA approach, the ESTIMATE algorithm, as well as the TIMER database. These findings indicate that the high-risk score group had a greater infiltration score of immune cells as well as a more active immunological profile, which might also enhance immune identification and activate anti-tumor activities in the tumor cells. Such findings indicated that risk scores might participate in the prediction of immunotherapy outcomes. Subsequently, we showed that the risk score was strongly associated with the expression of six ICB targets (i.e., CTLA4, HAVCR2, PDCD1G2, ID O 1, PDCD1, and CD274) and 39 immune check blockage-related genes (e.g., TNFRSF9, UGP2) implying that the risk score may help in developing targeted immunotherapy strategies. UGP2, the enzyme encoded by this the bridge of the ICB targets and immune check blockage-related gene is an important mediator of mammalian carbohydrate interconversion. It achieves this by transferring a glucose group from glucose-1-phosphate to MgUTP, contributing to the formation of UDP-glucose and MgPPi(Wolfe et al., 2021). Zeng et al. found that UGP2 was identified as a progression marker that promotes the growth and motility of human glioma cells and performs a crucial role in the proliferation of LGG (Zeng et al., 2019). Hu et al. found that low UGP2 expression was associated with tumor progression and poor prognosis for HCC(Hu et al., 2020). Nonetheless, studies on the function of UGP2 in tumors are limited, particularly in LGG. The present study showed that low expression of UGP2 was associated with better OS and DFS compared to high expression. UGP2 expression correlated significantly with the mutation status of IDH1 (R132), ATRX, EGFR, TP53, PTEN, and most immune checkpoint genes. Nonetheless, more detailed research is necessary for the purpose of examining the potential biological function of UGP2. Given that the risk score correlates with the ICB targets expression, it can be hypothesized that the antitumor effects of immune cells could be influenced by the ICB pathway.
In contrast with existing studies exploring new prognostic factors in LGG, our study has several highlights. Firstly, the present research makes a significant contribution to the exploration of the possible significance of m6A regulator-associated AS events in the creation of LGG TME complexity and diversity, as well as in the anticipation of ICB therapeutic efficacy, which had not previously been explored. In addition, extensive analyses were performed, including WGCNA, six machine learning algorithms (boosting, bagging, XGBoost, Adaboost, GBDT, randomforest), TIMER database, CIBERSORT method, ssGSEA algorithm, and ESTIMATE R package to reveal the integrated landscape of LGG. Moreover, as far as we know, the present research is the first to highlight the biological function of UGP2 in LGGs. We do, however, acknowledge that there are several limitations to the present research, such as the relative simplicity of the AS event database and the absence of all other pertinent datasets to corroborate our findings. Furthermore, there has been little investigation into the correlation between m6A regulators and AS events, as well as the processes through which they contribute to the occurrence and progression of LGG. As a result, further research is required so as to reveal the real biological significance of AS events in the occurrence and progression of LGG.
However, there are still some limitations of our study that deserve to be stated. Firstly, alternative splicing is different from qPCR or gene knockdown, which requires ultra-deep WES sequencing of clinical samples, yet we currently do not have sufficient funding for this study. Therefore, it may be difficult to carry out relevant experimental verification. In addition, currently only the TCGA project has funding for ultra-deep whole exon sequencing to identify alternative splicing events. All other databases don’t contain alternative splicing data. Therefore, this study only carried out internal validation. In conclusion, a systematic analysis of the prognostic predictive significance of m6A modulator-associated AS shear patterns was performed to enhance the prognostic prediction of LGG. Notably, we established new and robust prognostic nomograms to quantitatively predict outcomes, which showed encouraging potential in clinical applications. In addition, the AS-SF regulatory network provides a good target for the antitumor treatment of LGG. Our study provides novel insight into the function of AS in m6A methylation and reveals potential mechanisms by which m6A regulator-associated AS events affects tumor progression in LGG.
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Background: Mitochondria are at the heart of a number of metabolic pathways providing enormous energy for normal cell growth and regulating tumor cell growth as well as survival. Mitochondrial topoisomerase I (TOP1MT) is a type IB topoisomerase found in the mitochondria of vertebrates. However, no pan-cancer analysis of TOP1MT has been reported. This study aims to explore TOP1MT expression in pan-cancer tissues and identify whether it can be a target for mitochondrial anticancer therapy.
Methods and results: The original TOP1MT expression data in 33 different types of cancer patients were downloaded from the TCGA and GTEx databases. TOP1MT was highly expressed in cancer tissues, including BLCA, BRCA, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KIRC, KIRP, LGG, LIHC, LUAD, LUSC, PAAD, PCPG, PRAD, READ, SKCM, STAD, THYM, UCEC, and UCS. According to Kaplan-Meier survival curve analysis, high TOP1MT expression in BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC cancer tissues was linked to poor prognosis of cancer patients, i.e., poor OS, disease-specific survival, and PFI. Linkedomics analysis identified a positive correlation of TOP1MT expression with CNA, but a negative correlation with methylation. TOP1MT expression significantly correlated with immune cells and immune checkpoints in the TIMER database. Functional analysis showed a close relationship between TOP1MT expression and ribosomes.
Conclusion: In summary, TOP1MT is a potential biomarker for mitochondrial anticancer therapy and cancer immunotherapy.
Keywords: TOP1MT, pan-cancer, prognosis, biomarker, immunity
INTRODUCTION
The primary role of mitochondria in the human body is the production of Adenosine Triphosphate (ATP) and the synthesis of metabolites necessary for cell bioenergy and biosynthesis (Chandel Navdeep, 2015). Mitochondria generate ATP and metabolites through glycolysis, amino acid decomposition, and fat decomposition, among other processes. These metabolites enter the mitochondria via the Tricarboxylic acid cycle (TCA cycle), producing Nicotinamide adenine dinucleotide (NADH) and reductive molecules, including Flavine adenine dinucleotide, reduced (FADH-2), NADH Subsequently, these energy molecules are phosphorylated via oxidation to produce ATP, whereas the TCA cycle-generated intermediates can be collected and used in other biosynthetic metabolic pathways to produce glucose, amino acids, nucleotides, and other important substances (Spinelli and Haigis, 2018). In this regard, mitochondria regulate several metabolic pathways, supplying enormous energy to cells, which is important for cell growth, survival, and death. Recent evidence indicates that mitochondria promote tumor cell growth and survival in the pathological microenvironment; they also provide tumor microsynthesis and biological energy requirements. This provides a theoretical reference for targeting mitochondria in anticancer therapy. Also, mitochondria are potential targets for the development of novel anticancer drugs (Vyas et al., 2016; Porporato et al., 2017).
Topoisomerase is a ubiquitous enzyme that instantly splits single or double chains in the phosphodiester framework of nucleic acid, regulating the topological structure of nucleic acid (Wang, 2002). Human topoisomerases are classified into two types, i.e., type I and II (Forterre et al., 2007; Forterre and Gadelle, 2009; Singh et al., 2020). Type I topoisomerase instantly cleaves one strand of double-stranded DNA, allowing the other single strand to pass through the gap, thereby disrupting the situation of a DNA superhelix or helix deletion. II-type topoisomerase uniformly cuts both chains and then connects the broken ends. Type I is divided into Type IA (TOP3α and TOP3β) and Type IB (TOP1, TOP1MT), whereas type II is divided into Type IIA (TOP2α and TOP2β) (Hou et al., 2017; Zhang et al., 2017). TOP2α, TOP2β, and TOP3α are located in both nucleus and mitochondria (Low et al., 2003; Zhang et al., 2014; Nicholls et al., 2018). TOP1MT is the only topoisomerase located in the mitochondria (Zhang et al., 2001; Pommier et al., 2016). Unlike other eukaryotic organelles, mitochondria have their circular DNA (mtDNA), encoding 13 oxidative phosphorylation complex proteins. One recent study discovered that TOP1MT is critical in maintaining the integrity of mtDNA and limiting the negative superhelix of mtRNA (Seol et al., 2012; Zhang et al., 2014). TOP1MT maintains tumor cell proliferation and promotes tumor growth in mice models of colon and liver cancers with impaired metabolism (Baechler et al., 2019). TOP1MT is unable to inhibit liver cell proliferation in the liver regeneration model by limiting mtDNA copy number amplification (Khiati et al., 2015). Besides the effects listed above, TOP1MT modulates mitochondrial functional pathways (Zhang and Pommier, 2008; Dalla Rosa et al., 2017; Baechler et al., 2019). Since tumor cells highly depend on mitochondrial biology and TOP1MT could be a target of cancer drugs, inhibiting TOP1MT could be an effective approach for eliminating cancer cells (Scatena et al., 2018).
Herein, we analyzed TOP1MT expression features, prognostic value, correlation with tumor immune infiltrating cells, and biological function using data obtained from cancer genome map (TGCA), TIMER, linkedomics, cBioPortal, and TISIDB databases. TOP1MT regulates tumor development and is a potential biomarker for targeted mitochondrial anticancer therapy.
MATERIALS AND METHODS
TOP1MT expression pattern in human pan-cancer
Gene expression data from normal tissues in the GTEX database (http://gtexportal.org/) were integrated with gene expression data from more than 11,000 tumors of 33 cancer types in the cancer genome atlas (TCGA https://www.cancer.gov/) to analyze and compare the TOP1MT expression pattern in human pan-cancer tissues and normal tissues. Sample size of 33 different tumor types were shown in Supplementary Table S1. Further, we analyzed the correlation of TOP1MT expression in TGCA with different pathological stages of tumor cells. The log2 transformation was used to normalize all expression data. t-test, p < 0.05 was used to determine statistical significance.
Prognosis
The forest graph was used to examine the relationship between TOP1MT expression and the prognosis of 33 different types of cancer patients. The relationship between TOP1MT expression and prognosis of patients with various cancer and pathological stages was further investigated using the Kaplan-Meier curve, which included total survival (OS), disease-specific survival (DSS), and progression-free periods (PFI). The risk ratio (HRS) and 95% confidence interval were calculated using a single factor survival analysis.
Linkedomics
The linkedomics database (http://www.linkedomics.org/) was used to investigate the methylation level and copy number variation data levels of TOP1MT in various tumors. Further, the relationship between TOP1MT expression, methylation level, and copy number variation of TOP1MT was analyzed in tumor tissues. Statistically significant differences were estimated by t-test (p＜0.05).
Gene enrichment analysis
Pan-cancer TOP1MT co-expressed genes for gene enrichment analysis were selected to understand the biological function and pathway involved in TOP1MT through TCGA database. The potential pathways were identified by the gene ontology (GO) terminology and the KEGG pathway enrichment analysis. The three categories of GO analysis included biological processes (BP), cellular components (CC), and molecular functions (MF).
Immune infiltration
The TIMER database (https://cistrome.shinyapps.io/timer/) was used to analyze the relationship between immune infiltrating, TOP1MT expression and through TISIDB (http://cis.hku.hk/TISIDB/) analysis TOP1MT gene expression in the different immune subtypes.
cBioPortal
cBioPortal (https://www.cbioportal.org/) is a repository of cancer genome data. TOPIMT copy number alterations (CNA) were investigated in various cancers.
Statistical analysis
The t-test was used to estimate TOP1MT expression in cancer and normal tissue. Single Factor Cox regression analysis was used to calculate the HR and P. Kaplan-Meier analysis was used to stratify TOPIMT expression. The Spearman correlation analysis was used to evaluate the correlation of TOP1MT expression with the level of methylation and the number of gene amplification. All analyses were performed with R software (version 3.6.3). p ＜0.05 was used as the significance threshold of statistical analysis.
RESULTS
TOPIMT expression in human carcinomatous tissues
To explore the role of TOPIMT in cancer, tumor samples from the TGCA were combined with normal samples from GTEx to characterize the TOPIMT mRNA expression. As shown in Figure 1A, TOP1MT expression was consistently higher ion in tumor samples from BLCA, BRCA, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KIRC, KIRP, LGG, LIHC, LUAD, LUSC, PAAD, PCPG, PRAD, READ, SKCM, STAD, THYM, UCEC, UCS than in normal tissues (Figure 1B, Supplementary Figure S1A). However, no difference was noted in TOP1MT expression between ACC, CESC, LAML, and TGCT tumor samples and normal tissues (Supplementary Figure S1B). Lower TOP1MT expression was discovered in tumor samples from KICH, THCA, and OV than in normal tissues (Supplementary Figure S1C). The results revealed that TOP1MT is a carcinogenic molecule.
[image: Figure 1]FIGURE 1 | Expression pattern of TOP1MT in human generalized carcinoma. (A) Assessing mRNA expression of TOP1MT between tumor and normal tissue using data downloaded from TCGA and GTEx; (B) TOP1MT mRNA expression in patients with BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC from TCGA. Log2 (TPM+1) is used for the logarithmic scale. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
The relationship between TOP1MT expression and tumor prognosis
Further, we investigated the effect of abnormal TOPIMT expression on prognosis. Survival indicators included OS, DSS, and PFI. A Cox regression analysis of 33 cancers revealed that TOP1MT expression significantly correlated with OS in 16, including ACC, BLCA, CESC, DLBC, HNSC, KICH, KIPP, LAML, LIHC, MESO, OV, PAAD, SARC, THYM, UCEC, and UVM (Figure 2A). The Kaplan-Meier survival curve revealed that upregulated TOPIMT expression in BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC significantly correlated with poor overall survival (Figure 2B). Moreover, up-regulation of TOPIMT expression was significantly associated with low OS in ACC, CESC, DLBC, KICH, LAML, MESO, OV, SARC, THYM, and UVM cancer tissues; whereas high TOP1MT expression was significantly associated with high prognosis in DLBC and THYM cancer tissues (Supplementary Figure S2A). This work further investigated the relationship between TOPIMT expression and DSS in cancer patients. TOPIMT expression affected DSS in 13 cancers, including ACC, BLCA, COAD, HNSC, KICH, KIPP, LIHC, MESO, OV, SARC, UCUE, UCS, and UVM (Figure 3A). Kaplan-Meier analysis revealed that upregulated TOPIMT expression was associated with poor DSS in patients with BLCA, HNSC, KIPP, UCEC, and LIHC, but without any significant prognostic value for PAAD (Figure 3B). Also, ACC, COAD, KICH, MESO, OV, SARC, and UVM had poor prognostic values (Supplementary Figure S2B). Cox regression analysis of PFI revealed that upregulated TOPIMT expression was a risk factor for ACC, BLCA, COAD, HNSC, KICH, KIRC, KIPP, LGG, LIHC, OV, PAAD, PRAD, STAD, UCEC, and UVM (Figure 4A). Kaplan-Meier analysis demonstrated a relationship between upregulated TOPIMT expression and poor prognosis in six types of cancer, including BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC (Figure 4B). Furthermore, upregulated TOPIMT expression contributed to adverse prognosis in ACC, COAD, KICH, KIRC, LGG, OV, PAAD, STAD, and UVM (Supplementary Figure S2C). Eventually, Kaplan-Meier Plotter database analysis revealed that high expression in BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC tumor tissues confirmed poor prognosis (Supplementary Figure S3). We identified the six most significant cancers by combining the expression features of TOP1MT mRNA in pan-cancerous tissues and prognostic analysis of OS, DSS, and PFI. These cancers include BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC. High TOP1MT expression in these six types of tumor tissues was significantly linked to poor prognosis.
[image: Figure 2]FIGURE 2 | Relationship between TOP1MT expression and OS in cancer patients. (A) Forest map of TOP1MT risk ratios in 33 tumors; (B) Kaplan-Meier survival curves of OS in BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC patients. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
[image: Figure 3]FIGURE 3 | Relationship between TOP1MT expression and DSS in cancer patients. (A) Forest map of TOP1MT risk ratios in 33 tumors; (B) Kaplan-Meier survival curve of DSS in PATIENTS with BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
[image: Figure 4]FIGURE 4 | Relationship between TOP1MT expression and PFI in cancer patients. (A) Forest map of TOP1MT risk ratios in 33 tumors; (B) Kaplan-Meier survival curves of PFI in PATIENTS with BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
Secondly, TOPIMT expression was examined in cancer patients with various pathological stages and grades to investigate the expressionist relationship with clinic pathological features. The TCGA database was used to evaluate TOP1MT expression in patients with stage I, II, III, and IV cancers, as well as grades G1, G2, G3, and G4. TOP1MT expression was significantly up-regulated in poor pathological features of BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC (Figure 5A). The Kaplan Meier survival curve analysis revealed that poor pathological stages and grades exhibited a low overall survival (Figure 5B). Finally, the expression features of tumor size, lymph node status, and distant metastasis were investigated between TOP1MT and BLCA, HNSC, KIRP, PAAD, and LIHC using the TCGA database. The higher TOP1MT expression in BLCA, HNSC, KIRP, PAAD, and LIHC tumor tissues, the larger tumor diameter, the wider range of lymph node involvement, and the distant organ metastasis (Supplementary Figure S4A). Further, the relationship between TOP1MT expression and TNM stage prognosis was investigated using the Kaplan-Meier survival curve. The specific manifestations include: High expression of T1&T2 and N0 in BLCA patients indicates a poor prognosis. High expression in T3&T4, lymph node-positive, and M0 patients in HNSA suggested a poor prognosis. High expression in T1&T2 and T3&T4 in KIPP suggested a poor prognosis. High expression in T1&T2, T3&T4, N0, and M0 patients in LIHC suggests a poor prognosis. Patients with PAAD expressing high levels of T1&T2 and N1 had a poor prognosis (Supplementary Figure S4B).
[image: Figure 5]FIGURE 5 | Correlation between TOP1MT expression, primary pathological stages, and prognosis. (A) Relationship between TOP1MT mRNA expression and different pathological stages in different cancer patients from TCGA; (B) Kaplan-Meier survival curves of TOP1MT mRNA expression in different pathological stages. Log2 (TPM+1) is used for the logarithmic scale. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
The relationship between TOP1MT expression, methylation level, and copy number changes for pan-cancer
Linkedomics database was used to analyze the methylation level and copy number changes of TOP1MT in BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC tumor tissues to understand the mechanism of the TOP1MT gene during tumorigenesis. Consequently, tumor tissues including BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC significantly correlated with TOPIMT methylation and gene copy number levels (Figure 6A). TOP1MT expression positively correlated with CNA in BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC tumors, whereas negatively correlated with methylation in BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC tumors (Figure 6B). The relationship between TOP1MT genetic changes and mRNA expression on the cBioPortal website was explored using the GISTIC algorithm. As illustrated in Figure 6C, increased TOP1MT copies (gain and amplification) in tumor tissues significantly increased TOP1MT mRNA expression unlike copy neutral (diploid) and copy loss (shallow deletion). These results show that TOP1MT mRNA expression is affected by changes in its DNA copy number. Thus, abnormal TOP1MTmRNA expression in BLCA, HNSC, KIRP, PAAD, UCEC, and LIHC tumor tissues could be attributed to a high copy number and low methylation level.
[image: Figure 6]FIGURE 6 | CNA and DNA methylation of TOP1MT in human cancer. (A,B) Linkedomics analysis correlation analysis between TOP1MT expression and TOP1MT methylation level and copy number variation data level; (C) cBioPortal analysis of TOP1MT CAN data in different cancer studies. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
Relationship between TOPIMT expression and immune infiltration
We established the prognostic value of TOPIMT and investigated its relationship with tumor-infiltrating immune cells using the TIMER database. TOPIMT expression significantly correlated with the abundance of infiltrated immune cells (Figure 7A). The clustering heat map of the relationship between TOP1MT and immune cells demonstrated a positive correlation of TOP1MT with B cells and CD4+T lymphocytes in KIPP and LIHC cancers and with purity in BLCA and HNCC. TOP1MT negatively correlated with B cells and CD8+T lymphocytes in HNSC and UCUE, neutrophil cells and dendritic cells in BLCA, HNSC, and UCUE, CD4+T lymphocytes in BLCA and HNSC, and macrophages in BLCA and PAAD. Supplementary Figure S5 shows a specific correlation between each tumor and immune cells. Immune surveillance is widely recognized as important for cancer prognosis, and tumors can evade immune responses utilizing immune checkpoint genes. The correlation of TOP1MT with the expression of immune checkpoint genes was examined to investigate the relationship between TOP1MT expression and the degree of immune invasion in BLCA, HNSC, KIRP, and PAAD, UCEC, and LIHC. TOP1MT expression negatively correlated with common immune checkpoints in BLCA, HNSC, and UCUE (Figure 7B). Also, TOP1MT expression positively correlated with LAG3 in KIRP and negatively correlated with LAG3 and PDCD1LG2 in PAAD. TOP1MT positively correlated with CTLA4 and PDCD1 and negatively correlated with CD274 and PDCD1LG2 in LIHC. These findings suggest that high TOP1MT expression modulates immune invasion of tumor tissues, especially BLCA, HNSC, and UCUE tumor tissues.
[image: Figure 7]FIGURE 7 | Correlation analysis between TOP1MT expression and tumor immune invasion. (A) TOP1MT expression significantly correlates with infiltration level of various immune cells in the TIMER database; (B) TOP1MT expression significantly correlates with various immune checkpoints in the TIMER database; (C) TOP1MT expression in different molecular subtypes of cancer by TISIDB. ∗ p < 0.05, ∗∗ p < 0.01 and ∗∗ p < 0.001.
The expression of the TOP1MT gene in different immune subtypes was analyzed using the TISIDB database. Significant differences in TOPIMT expression characteristics were noted in the C1 (wound healing), C2 (IFN-γ dominant), C3 (inflammation), C4 (lymphocytopenia), C5 (immune silencing), and C6 (TGF-β dominant) subtypes in the six cancer tissues (Figure 7C). TOP1MT was highly expressed in C1 of BLCA, PAAD, UCEC, C2 of HNSC, C3 of KIRP, and C4 of LIHC. Differential TOP1MT expression in different immune subtypes predicts that it regulates cancer prognosis (Thorsson et al., 2019).
Functional analysis of TOPIMT
KEGG and GO pathway analyses were performed on multiple cancer types to reveal the potential function of TOPIMT. First, we mapped genes expressed in pan-cancer tissues using the TCGA database and identified 122 co-expressed genes in six cancer tissues (Figure 8A). Co-expressed genes were used to examine KEGG and GO pathways. As shown in Figure 8B, TOP1MT modulates the ribosomal pathway of genetic information. As per the GO analysis, TOP1MT affected ribosomal associated BP, CC, and MF in most cancers, including BP (nuclear transcriptional mRNA catabolism process, membrane co-transfer protein, membrane-targeted SRP-dependent co-translation protein, and other biological processes); CC (cytoplasmic part, ribosomal subunit, cytoplasmic ribosome, and other cellular components); MF (rRNA linkage, structural composition of ribosomes, regulatory activity of ubiquitin-protein transferase and other molecular functions).
[image: Figure 8]FIGURE 8 | TOP1MT functional analysis. (A) Co-expressed genes in BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC tumors; (B) KEGG and GO pathway analysis of co-expressed genes in BLCA, HNSC, KIPP, PAAD, UCEC, and LIHC tumor tissues.
DISCUSSION
Mitochondrial topoisomerase I (TOP1MT) is a type IB topoisomerase that exists in vertebrates and specifically targets mitochondria (Zhang et al., 2001; Pommier et al., 2016; Baechler et al., 2019). TOP1MT relaxes the mitochondrial DNA (mtDNA) superhelix by introducing instantaneous cutting complexes, revolving broken DNA strands around intact strands (Zhang et al., 2001; Dalla Rosa et al., 2014). In addition to regulating mtDNA, TOP1MT directly affects mitochondrial translation through protein interactions with small mitochondrial glycosomal subunits. TOP1MT inhibitors may be an alternative approach for targeting mitochondrial DNA due to their role in mitochondrial protein synthesis and their up-regulation in several tumors (Khiati et al., 2014). Nonetheless, we did not conduct a pan-cancer analysis on the function of TOP1MT in different cancers.
This work examined TOP1MT expression in pan-cancer datasets. In an analysis of 33 cancer datasets obtained from the TCGA, TOP1MT expression was significantly higher in BLCA, BRCA, CHOL, COAD, DLBC, ESCA, GBM, HNSC, KIRC, KIRP, LGG, LIHC, LUAD, LUSC, PAAD, PCPG, PRAD, READ, SKCM, TAD, THYM, UCEC, UC than in normal tissues. No significant difference was noted between TOP1MT and normal tissue in tumor samples from ACC, CESC, LAML, and TGCT. Low TOP1MT expression was discovered in tumor samples from KICH, THCA, and OV than that in normal tissues. This means that TOP1MT could play different roles in different cancer types. Gene mutation is crucial in human cancer development. TOP1MT expression positively correlates with CNV. Moreover, TOP1MT upregulation was linked to the poor OS, DSS, and PFI in BLCA, HNSC, KIPP, PAAD, UCEC, as well as LIHC. DSS exhibited no prognostic value in PAAD cancer patients with upregulated TOPIMT expression. Additional analysis revealed that high TOP1MT expression was linked to poor overall survival in patients with poor clinic pathologic typing. These findings reveal the TOP1MT role in promoting tumor progression and that high TOP1MT expression could impair survival in cancer patients.
The tumor microenvironment (TME) encompasses tumor cells, immune cells, and stromal cells; it is affected by various factors including cytokines, reactive oxygen species, extracellular Matrix, metabolites, and inflammation (Chen et al., 2015; Balta et al., 2021). TME is fundamental in tumor inhibition or progression (Roma-Rodrigues et al., 2019). Humans have innate and adaptive immunity that combat various diseases, including cancer (Schreiber et al., 2011; Vesely et al., 2011; Seager et al., 2017). Tumor cells have evolved immune-evasion mechanisms among them loss of antigenicity, immunogenicity, and generation of immunosuppressive TME (Khong and Restifo, 2002; Blank et al., 2005; Thomas and Massague, 2005; Drake et al., 2006). Consequently, immunotherapy continues to face significant hurdles in cancer treatment (Murciano-Goroff et al., 2020; Zhang and Zhang, 2020). A total of seven common immune cells and immune checkpoints were selected to analyze the relationship between TOP1MT expression immune cells, and immune checkpoints. We found that TOP1MT expression is linked to immune invasion and checkpoint markers in BlCA, HNSC, KIPP, PAAD, UCEC, and LIHC cancers. TOP1MT is associated with tumor purity, B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells in various cancers. Previous studies have shown that tumors with higher levels of Programmed cell death-Ligand 1(PD-L1) are more malignant and less survivable; besides, suppressing the PD-1/PD-L1 pathway promotes tumor cell survival (Nakanishi et al., 2007; Okudaira et al., 2009). Pai and colleagues proposed an anti-CTLA4 blocking technique that simultaneously reduces tumor invasion, maintains the anti-tumor effect, and minimizes toxicity (Pai et al., 2019). As a consequence, the expression of the checkpoint genes programmed cell death 1(PD-1), PD-L1, and cytotoxic T-lymphocyte-associated protein 4 (CTL-4) is a predictive biomarker of immunosuppressive response. Notably, TOP1MT and checkpoint gene expression were significantly correlated. TOP1MT expression negatively correlated with most immunosuppressive sites. These results indicate a potential relationship between TOP1MT and immunologic invasion in cancer patients. Collectively, our research sheds light on the application of TOP1MT as a potential prognostic biomarker for several cancers in the context of immuno-oncology, as well as a theoretical reference for new targets.
DNA methylation is an epigenetic mechanism necessary for gene transcription (Feinberg and Vogelstein, 1983; Hsieh and Gage, 2004). Of note, 5-methylcytosine is synthesized by attaching methyl groups to cytosine residues in cytosine-guanine (CG) (Patil et al., 2014; Mahmoud and Ali, 2019). Since most of the CpG sites in the human genome are methylated, low methylation of CpG sites in these regions induces genomic instability and loss of genomic imprinting. This ultimately results in tumor cell development (Kulis et al., 2013). Also, hypermethylation in the same promoter region silences or inactivates the tumor suppressor gene in cancer cells (Bakshi et al., 2018). Studies on TOP1MT methylation in cancer are limited. Our findings suggest a negative correlation between TOP1MT expression and DNA methylation, indicating TOP1MT expression in BlCA, HNSC, KIPP, PAAD, UCEC, and LIHC with low methylation. Moreover, the findings of this work act as a reference for further research on TOP1MT methylation-related roles, and expound on the TOP1MT mechanism in tumorigenesis and development.
TOP1MT ribosome functions are linked to the biological function of TOP1MT in patients with liver cancer (Baechler et al., 2019). Evidence shows that the biogenesis of mitochondrial ribosomes depends on the coordinated synthesis of 80 mitochondrial ribosomal proteins encoded in nuclear DNA, which must be translated into mitochondria via the cytoplasmic ribosomes (Bogenhagen et al., 2014). Therefore, the formation of mitochondrial glycosomes is critical for subsequent mitochondrial function. Biological function analysis revealed that the function of TOP1MT is primarily related to ribosome-related activities. Notably, TOP1MT significantly modulates mitochondrial function.
Although we used data from multiple databases to analyze the significance of TOP1MT, this work has compelling limitations. First, we searched the database for phenotypic features of TOP1MT expression in various cancers, yet no additional evidence was discovered in the cell, animal, or clinical samples. Secondly, we verified that TOP1MT expression is associated with immunologic invasion. Nevertheless, we did not find any in-depth study on TOP1MT and immune infiltration in relevant articles, which lacked certain basis -. Thus, the specific approach by which TOP1MT participates in immune infiltration is required. Furthermore, while we found that the biological functions of TOP1MT of 122 co-expressed genes in six cancer tissues were related to ribosomal functions, limitations were noted. Therefore, additional studies on other promising biological roles of TOP1MT are necessary.
In conclusion, this is the first comprehensive examination of TOP1MT in pan-cancer. The results demonstrate a heterologous TOP1MT expression in various cancers; besides, upregulated TOP1MT expression is associated with poor prognosis. Moreover, TOP1MT expression significantly correlates with immune invasion. Thus, TOP1MT is a potential biomarker for mitochondrial anticancer therapy and cancer immunotherapy.
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Objective: To establish a prediction model based on autophagy-related lncRNAs and investigate the functional enrichment of autophagy-related lncRNAs in colorectal cancer.
Methods: TCGA database was used to extract the transcriptome data and clinical features of colorectal cancer patients. HADb was used to obtain autophagy-related genes. Pearson correlation analysis was performed to identify autophagy-related lncRNAs. The autophagy-related lncRNAs with prognostic values were selected. Based on the selected lncRNAs, the risk score model and nomogram were constructed, respectively. Calibration curve, concordance index, and ROC curve were performed to evaluate the predictive efficacy of the prediction model. GSEA was performed to figure out the functional enrichment of autophagy-related lncRNAs.
Results: A total of 13413 lncRNAs and 938 autophagy-related genes were obtained. A total of 709 autophagy-related genes were identified in colon cancer tissues, and 11 autophagy-related lncRNAs (AL138756.1, LINC01063, CD27-AS1, LINC00957, EIF3J-DT, LINC02474, SNHG16, AC105219.1, AC068580.3, LINC02381, and LINC01011) were finally selected and set as prognosis-related lncRNAs. According to the risk score, patients were divided into the high-risk and low-risk groups, respectively. The survival K–M (Kaplan–Meier) curve showed the low-risk group exhibits better overall survival than the high-risk group. The AUCs under the ROC curves were 0.72, 0.814, and 0.83 at 1, 3, and 5 years, respectively. The C-index (concordance index) of the model was 0.814. The calibration curves at 1, 3, and 5 years showed the predicting values were consistent with the actual values. Functional enrichment analysis showed that autophagy-related lncRNAs were enriched in several pathways.
Conclusions: A total of 11 specific autophagy-related lncRNAs were identified to own prognostic value in colon cancer. The predicting model based on the lncRNAs and clinical features can effectively predict the OS. Furthermore, functional enrichment analysis showed that autophagy-related genes were enriched in various biological pathways.
Keywords: colorectal adenocarcinoma, long non-coding RNA, autophagy, overall survival, prediction model
INTRODUCTION
Colorectal cancer (CRC) is considered to be one of the leading causes of cancer death, and with the increasing incidence of colorectal cancer, its degree of harm has received increasing attention (Carr, 2018). The epidemiological investigation showed that CRC has been set as the third most incident cancer and the second most common in mortality among malignancies (Siegel et al., 2020). A previous study showed that the 5-year survival rate of CRC patients was merely 10–50%, which strongly affects the living quality (Miller et al., 2019). The histopathological types of CRC include adenocarcinoma, squamous cell carcinoma, and mucinous carcinoma. Among them, adenocarcinoma is the most common type, which occupied about 95% of CRC patients (Barresi et al., 2019).
The previous predicting analysis showed that CRC was associated with various clinical and environmental features including alcohol abuse, smoking, and different regions and countries (Øines et al., 2017; Nana and Edward, 2019). And nowadays, the tumor-node-metastasis (TNM) stage is set as the most common tool to predict the risk of patients suffering from malignancies (Weiser, 2018). However, the TNM stage predicting tool showed limited effects in prognostic prediction. With the development of transcriptome technology, a large number of sequencing results have been used to evaluate and predict the prognosis of cancer patients (Wang et al., 2020). Previous studies showed that autophagy-related genes and long non-coding RNA (lncRNAs), immune-related genes, and lncRNAs own preferable prognostic predicting effect on CRC (Wiener et al., 2014; Tokunaga et al., 2020). However, few studies investigate the combined predicting effects of sequencing data and clinical features.
Autophagy, a programmed cellular process, mainly contributes to the degradation and recycling of damaged cellular organelles and macromolecules (Kimmelman and White, 2017; Li et al., 2020; Ashrafizadeh et al., 2022). Dysfunction of the autophagic process has been associated with the onset and development of many human chronic pathologies, such as cardiovascular, metabolic, and neurodegenerative diseases as well as cancer (Francesca et al., 2018). Therefore, a large number of researchers tried to determine the regulation mechanism of autophagy (Lin et al., 2021; Liu et al., 2021; Zhou et al., 2021). Autophagy plays an important role in maintaining homeostasis. The process is controlled by autophagy-related genes (Zhou, Dong, 2021) and autophagy plays an important role in maintaining the homeostasis of the body. Previous studies showed that the autophagy process was already verified to be involved in the progress of cancer (Francesca, Sadia, 2018). The decreased expression of autophagy-related genes was associated with the acceleration of the cancer progress (Burada et al., 2015). And based on the specific function of autophagy, autophagy can be set as a potential prognostic predicting strategy in different types of tumors. Previous studies showed that autophagy-related genes can be an effective way to predict the prognosis of CRC (Thongchot et al., 2018).
Long non-coding RNAs (lncRNAs) were defined as RNA links with more than 200 nucleotides. The main function of lncRNAs was set to regulate the gene expression and protein synthesis (Liu et al., 2019). Also, lncRNAs are associated with cell proliferation, differentiation, and microRNA regulation (Jin et al., 2019). Previous studies showed that lncRNA participated in the regulation of cell autophagy by regulating the function of autophagy-related genes and proteins (Ulitsky and Bartel, 2013; Ashrafizaveh et al., 2021; Mirzaei et al., 2021; Mirzaei et al., 2022). HAGLROS as a lncRNA with 699bp can inhibit the autophagy process by regulating the mTOR signaling pathway (Frankel et al., 2017).
Therefore, we performed this study aiming to establish a prognostic model based on autophagy-related lncRNAs and clinical features in CRC patients.
MATERIALS AND METHODS
Patient Datasets
Figure 1 illustrates the whole process of autophagy-related lncRNA CRC prediction model establishing. CRC datasets were downloaded from The Cancer Genome Atlas database (TCGA, https://cancergenome.nih.gov/), which includes clinical features, mRNA expression profiles, and lncRNA profiles. CRC patients whose overall survival (OS) time was less than 30 days or whose survival status was unknown were excluded from this study. Clinical features containing survival time, survival status, age, sex, grade, and TNM stage were included for further statistical analysis. All data were obtained from the open access TCGA database and therefore did not require the medical ethics committee approval.
[image: Figure 1]FIGURE 1 | Flow diagram of this study.
Autophagy-related genes were downloaded from the Human Autophagy database (HADb, http://autophagy.lu/clustering/index. html). The “limma” package in R software was used to extract autophagy gene data from TCGA-CRC mRNA expression profiles. Pearson correlation analysis was performed to determine the autophagy-related lncRNAs. In this study, the correlation coefficient |R2| >0.3 and p < 0.001 (Wu et al., 2021) were defined as autophagy-related lncRNAs.
Univariate COX Regression and Least Absolute Shrinkage and Selection Operator Regression Analysis
As Figure 1 shows, prognostic autophagy-related lncRNAs were confirmed by univariate COX regression analysis and absolute shrinkage and selection operator (LASSO) regression. Firstly, autophagy-related lncRNAs in univariate COX regression analysis whose p values were less than 0.05 were selected. Then, the selected lncRNAs were set into LASSO regression analysis.
Multivariate COX Regression Analysis and Prognostic Model Establishment
All selected lncRNAs from LASSO regression were included in the multivariate COX regression model to generate their coefficient. Then, a prognosis prediction model was established with risk scores = ΣCoef * exp (genes). The risk score model was established based on coefficient values and expression levels. In this study, the median risk score was set as the cut-off value. And according to the cut-off value, patients were divided into high-risk groups and low-risk groups. The OS difference between groups was calculated by Kaplan-Meier (K-M) analysis.
Based on the clinical features and risk score of each colon cancer patient, we set univariate and multivariate COX regression analysis to construct the prognostic model. The nomogram was set to predict the 1-, 3-, and 5-years overall survival (OS) of each patient.
Nomogram and Prognostic Model Evaluation
The predictive efficacy of the prediction model was evaluated by calculating the area under the ROC curve (AUC). And what is more, we also calculated the concordance index (C-index), a calibration curve to evaluate the predicted efficacy of the mixed model.
Co-Expression Network and Gene Functional Enrichment Analysis
Based on the 11 prognosis-related lncRNAs identified, a co-expression network connecting these autophagy-related lncRNAs and autophagy-related genes was established. Protein-protein network (PPI) autophagy-related lncRNAs and their target genes were established based on Cytoscape 3.7.2 software (Cytoscape Consortium, San Diego, CA, United States). Gene Ontology (GO) enrichment analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis between the high-risk group and low-risk group was performed by Gene Set Enrichment Analysis (GSEA, http://www.broadinstitute. org/gsea/index.jsp). In total,1000 genome permutations were performed per analysis. The enrichment pathway screening conditions were: FDR< 0.25 and NOM p value <0.05.
Statistical Analysis
All statistical analysis procedures were executed based on R (v4.0.3, New Zealand) software. Univariate cox analysis, LASSO regression, and multivariate cox analysis were used sequentially, and combined autophagy-related lncRNAs and clinical features to build prognostic models. Kaplan-Meier was performed to generate the survival curves. Log-rank analysis was utilized to compare the survival difference between the two groups. All statistical significances were set as p value less than 0.05.
RESULTS
Differentially Expressed Autophagy-Related Gene and lncRNA Identification
A total of 417 CRC patients were screened from the TCGA database, the clinical baseline data of CRC patients were shown in Table1. Meanwhile, a total of 13413 lncRNAs were identified from the TCGA-COAD. A total of 938 autophagy-related genes were obtained from HADb. Finally, 709 autophagy-related genes were expressed in colon cancer tissues. Pearson correlation analysis showed that a total of 1342 autophagy-related lncRNAs were identified and selected.
TABLE 1 | Clinical features of CRC patients from the TCGA database (n = 377).
[image: Table 1]Univariate COX Regression and Least Absolute Shrinkage and Selection Operator Regression Analysis
Univariate COX regression analysis selected 56 autophagy-related lncRNAs with p < 0.05. Eleven autophagy-related lncRNAs were finally selected by LASSO regression at the optimal values by using the 1 standard error (SE) of the minimum criteria (Figures 2A–C). K-M analysis based on 11 autophagy-related genes was shown in Figure 3.
[image: Figure 2]FIGURE 2 | Autophagy related lncRNAs selection by COX regression and LASSO regression analysis. (A) The lasso regression model and cross validation method were used to screen autophagy-related lncNRAs. (B) Cross validation results. The regression coefficient map of genes in the LASSO model. (C) Cox proportional hazards regression analysis of 11 prognostic genes.
[image: Figure 3]FIGURE 3 | Survival curve of each autophagy related lncRNAs. Kaplan-Meier survival curves of 11 autophagy related lncRNAs were selected with p < 0.05 as the screening criteria. The red plots represent the high expression and the blue plots represent the median/low expression.
Risk Scoring Model Construction
The risk scoring model was established by multivariate COX regression analysis. As we set the median risk score as the cut-off value, colon cancer patients included in our study were divided into high-risk group and low-risk group. The K-M survival curve showed that the difference of survival rate in the two groups was statistically significant (p < 0.01, Figure 4A). Meanwhile, the risk curve and scatter plot confirmed that compared with the high-risk group, the low-risk group had a lower risk factor and mortality, and the difference was significant (Figures 4B,C).
[image: Figure 4]FIGURE 4 | Risk score model evaluation. (A)The K-M curve c omparison between the high-risk group and low-risk group. (B) The Risk curve of high-risk and low-risk group. (C) Patients’ survival status distribution.
The univariate and multivariate COX regression analysis based on the clinical features and risk score showed that the risk score was an independent prognostic factor of CRC patients (Figures 5A,B and Table 2). A time-dependent ROC curve was drawn and the AUCs were 0.72, 0.814, and 0.83 at 1-, 3-, and 5-years, respectively (Figure 5C).
[image: Figure 5]FIGURE 5 | Prognostics predicting model establishing and validation. (A) Univariate COX regression analysis based on the clinical features and risk score. (B) Multivariate COX regression analysis. (C) Time-dependent ROC curve. (D) Nomogram based on multivariate COX regression analysis. (E–G) Calibration curve at 1-, 3- and 5-year.
TABLE 2 | Multivariate COX regression analysis (n = 377).
[image: Table 2]Prognostic Model Establishing and Evaluation
Nomogram was established based on the risk score, age, gender, and TNM stages (Figure 5D). The results showed that 11 kinds of lincRNA may be the prognostic factors of colorectal cancer patients (all p < 0.05). Calibration curves at 1-, 3-, and 5-years were shown in Figures 5E–G. The AUCs of each factor at 5-year showed that the risk score, stage, and N stage showed certain prediction ability (0.808, 0.730, and 0.716, Figure 6A). A summary of gene ontology involving eleven lncRNAs (Table 3).
[image: Figure 6]FIGURE 6 | Autophagy-related lncNRAs and their target genes in CRC. (A) The ROC curve of each factor. (B) Network of autophagy-related lncNRAs and their target genes. (C) Sankey diagram of lncRNAs and linked genes.
TABLE 3 | Summary of gene ontology involving eleven lncRNAs.
[image: Table 3]Co-Expression Network and Gene Functional Enrichment Analysis
A total of 256 autophagy-related genes were found to be associated with 11 prognosis-related lncRNAs. At the same time, we established a co-expression network based on the relationship between these genes and lncRNAs, with 267 nodes and 359 edges (Figure 6B). The Sankey diagram visually and clearly shows the association between each node and the patient’s prognosis (Figure 6C). Between the high-risk group and low-risk group, autophagy-related lncRNAs were enriched in GO terms: protein localization to the cilium, pseudouridine synthesis, tricarboxylic acid cycle, ciliary base, ciliary plasm, nucleoid, deacetylase activity, intramolecular transferase activity, NAD-dependent protein deacetylase activity, prenyltransferase activity, and KEGG terms: AXON guidance, citrate cycle TCA cycle, glycerophospholipid metabolism, glycosaminoglycan biosynthesis chondroitin sulfate, snare interactions in vesicular transport, terpenoid backbone biosynthesis, VEGF signaling pathway (Figures 7A–D).
[image: Figure 7]FIGURE 7 | Gene functional enrichment analysis of autophagy-related lncNRAs. (A) The significant terms of MF (molecular function) enrichment. (B) The significant terms of CC (cellular component) enrichment. (C) The significant terms of BP (biological process) enrichment. (D) The top 10 significant terms of KEGG analysis.
DISCUSSION
The enhancement of autophagy can make CRC cells survive in the status of nutrition and energy deficiency. The enhanced autophagy also strengthened radiotherapy and chemotherapy resistance of CRC cells. And during biological therapy procedures, physicians tended to inhibit the cell autophagy to mediate the CRC cell programming death (Liu et al., 2018). Furthermore, previous studies have shown that cell autophagy was associated with the CRC prognosis (F, 2018). Based on these backgrounds, the autophagy-related lncRNA signature can be an effective and reliable indicator to predict the prognosis of CRC.
Until now, the specific mechanisms of autophagy in cancer progression have remained unclear, but substantial evidence suggests that autophagy has a great potential as a prognostic predictor in CRC (Lv et al., 2022; Zhu et al., 2022). We obtained the open access data from the TCGA database (TCGA-CRC) and comprehensively analyzed the association between autophagy-related lncRNAs and CRC by bioinformatics analysis. We aimed to screen for features that could be used to predict the CRC prognosis and guide treatment strategies, as these features may be new prognostic markers.
We extract autophagy-related lncRNAs from the TCGA database and HADb database by Pearson correlation analysis. We performed univariate cox analysis, LASSO regression, and multivariate cox, respectively, a total of 11 autophagy-related lncRNAs were finally selected: AL138756.1, LINC01063, CD27-AS1, LINC00957, EIF3J-DT, LINC02474, SNHG16, AC105219.1, AC068580.3, LINC02381, and LINC01011. Among the 11 autophagy-related lncRNAs, 8 lncRNAs were already verified to be associated with cancer development: LINC01063, CD27-AS1, LINC00957, EIF3J-DT, LINC02474, SNHG16, LINC02381, and LINC01011. Soudeh et al. compared breast cancer tissue with normal breast tissue and find that LINC01063 was significantly decreased in breast cancer tissue (Ghafouri-Fard et al., 2021). Anirban et al. concluded that down-regulated expression of CD27-AS1 was associated with the prognosis of cervical carcinoma (Ar et al., 2020). Zhang et al. reported that LINC00957 can be set as a prognostic marker in human CRC (Zhang et al., 2007). Luo et al. concluded that EIF3J-DT regulated the autophagy procedure in gastric cancer by targeting ATG14 (Luo et al., 2021). Du et al. found that LINC02474 mediated the CRC cell’s apoptosis by inhibiting the expression of GZMB (Du et al., 2021). Wu et al. concluded that SNHG16 facilitated the nasopharyngeal carcinoma progression by sponging miR-520a-3p to upregulate MAPK1 expression (Wu et al., 2021). Through the RT-PCR technique, Sun et al reported that LINC02381 enhanced CBX5 expression by binding the CBX5 promoter and activating CBX5 transcription in glioma (Sun et al., 2021). Song et al. reported that LINC01011 controlled mitochondrial fission by inhibiting BRCA1 transcription in squamous cell carcinoma (Fan et al., 2020). The remaining 3 lncRNAs (al138756.1, AC105219.1, and AC068580.3) have not been proved to be correlated with the progress and prognosis in CRC. There still needs further research on these lncRNAs.
Wu et al. had already confirmed that autophagy-related lncRNAs were associated with the poor prognosis of CRC patients (Wu, Yin, 2021). However, the AUCs of the model were 0.70, 0.76, and 0.68 at 1-, 3-, and 5-years, which meant that the predictive value of the model was at a moderate degree and needed to be improved. In our study, according to the risk score formula, patients were divided into the low-risk group and high-risk group by the median risk score. Similar to the previous studies (Fan, Tian, 2020; Yang et al., 2021), the K-M curve showed that low-risk group survival was longer than the high-risk group with significance (p < 0.05). The AUCs at 1-, 3-, and 5-years were 0.72, 0.814, and 0.83, which indicate that the predictive ability of the risk score signatured by autophagy-related lncRNAs were stable and the risk score can be set as an independent prognostic indicator. Based on the previous analysis, the nomogram was built by multivariate COX regression analysis and shown in Figure 5D. As shown in Figures 5A,B, the risk score occupied the largest concentration. C-index, AUCs, and calibration curve showed that the nomogram can be used as an effective tool to predict the prognosis of CRC patients. We were able to conclude that our prognostic model was valid and independent of other clinical factors such as TNM classification, clinical stage, age, and gender.
To further investigate the functions of prognostic autophagy-related lncRNAs, GO enrichment analysis and KEGG pathway analysis were performed between the high-risk group and low-risk group. As for GO terms, the lncRNAs were enriched in the protein localization to the cilium, pseudouridine synthesis, tricarboxylic acid cycle of biological process, ciliary base, ciliary plasm, nucleoid of cellular components and deacetylase activity, intramolecular transferase activity, NAD-dependent protein deacetylase activity, and prenyltransferase activity of molecular function. As for KEGG pathway analysis, lncRNAs were enriched in AXON guidance, citrate cycle TCA cycle, glycerophospholipid metabolism, glycosaminoglycan biosynthesis chondroitin sulfate, snare interactions in vesicular transport, terpenoid backbone biosynthesis, and VEGF signaling pathway. A previous study revealed that the AXON guidance genes were involved in cancer development (Li et al., 2009; Wei et al., 2020). EM et al. revealed that in CRC patients, AXON-related genes such as ROBO1 and ROBO2 were critical genes in cancer pathogenesis (Je et al., 2013). VEGF signaling pathway is tightly associated with tumor angiogenesis. Chao decreased the VEGF expression in CRC tumor tissues and found that tumor growth was significantly suppressed (Fang et al., 2021).
There are several limitations to this study. First, the study type was a retrospective cohort study, which may contain statistical bias. Second, as a retrospective study, the data derived from the public database lacks information including the treatment methods and recurrence time. Third, the sample size was relatively small which may influence the accuracy of the results. Finally, this study was just an analysis based on a public database. Further analyses in vivo and in vitro are needed to verify the conclusion.
CONCLUSION
All in all, eleven specific autophagy-related lncRNAs were identified to own prognostic value in colon cancer. The predicting model based on lncRNAs and clinical features can effectively predict the OS.
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The global cancer cases and mortality rates are increasing and demand efficient biomarkers for accurate screening, detection, diagnosis, and prognosis. Recent studies have demonstrated that variations in epigenetic mechanisms like aberrant promoter methylation, altered histone modification and mutations in ATP-dependent chromatin remodelling complexes play an important role in the development of carcinogenic events. However, the influence of other epigenetic alterations in various cancers was confirmed with evolving research and the emergence of high throughput technologies. Therefore, alterations in epigenetic marks may have clinical utility as potential biomarkers for early cancer detection and diagnosis. In this review, an outline of the key epigenetic mechanism(s), and their deregulation in cancer etiology have been discussed to decipher the future prospects in cancer therapeutics including precision medicine. Also, this review attempts to highlight the gaps in epigenetic drug development with emphasis on integrative analysis of epigenetic biomarkers to establish minimally non-invasive biomarkers with clinical applications.
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INTRODUCTION
Cancer is a multifactorial disease developed as a result of several genetic as well as epigenetic changes. Epigenetics is a process that involves the alteration of gene expression without changing the DNA sequence. It is a Greek word meaning above or over the genome, which was coined by Conard Waddington in 1942 (Waddington, 2012). The process of epigenetics involves structural modifications within the nucleic acids and histones imparting a different chromatin structure and includes three molecular mechanisms like DNA methylation, histone modification, and nucleosome modelling patterns (Ganesan et al., 2019). These epigenetic modifications involve several chemical alterations which are induced by a group of enzymes, called epigenetic tools or players. The enzymes which participate in chemical addition to DNA or histones are known as “writers” whereas “erasers” are those enzymes that are involved in removing chemical tags. All these modifications are interpreted by a separate group of enzymes called ‘readers’ (Biswas and Rao, 2018). Several processes like DNA repair, replication, transcription, translation, post-transcriptional and post-translational regulation, are controlled by epigenetics (Dawson and Kouzarides, 2012). Thus, aberrant expression patterns or epigenomic alterations can lead to misregulation, culminating in cancers (Lu et al., 2020). The interesting part of studying epigenetics is that it is reversible in nature as compared to genetic changes and they only alter how a DNA sequence is read (Jaenisch and Bird, 2003). There are several factors contributing to epigenetic changes in humans like obesity, diet, lifestyle, alcohol, tobacco use, exposure to electromagnetic radiation and environmental pollutants like chromium, cadmium, nickel, benzene, mercury, and arsenic (Jones and Baylin, 2002; Baccarelli and Bollati, 2009; Metere and Graves, 2020).
Research over a decade has focused on promoter DNA methylation and histone modifications as the two main molecular mechanisms that mediate the process of epigenetic regulation in anticancer therapies and biomarker discovery. Studies have demonstrated that the altered DNA methylation genes or patterns can be potentially used as biomarkers for proper cancer screening, diagnosis, and prognosis (Tost, 2009; Karandish and Mallik, 2016; Grayson et al., 2019). Thus, epigenetic biomarker discovery is crucial for early cancer diagnosis, better cancer therapies, precise treatment and effective clinical outcomes. In spite of continuous growth in the discovery and development of biomarkers, advancement in the clinical validation of the approved biomarker is still demanded (Hussain et al., 2022). Many challenges are being faced in the development of a reliable biomarker with clinical applications. One main issue is the incorporation of clinical trial data into routine practice with affordable cost, which is only possible through interdisciplinary collaboration between researchers, clinicians and diagnostics companies.
In addition, the tumour microenvironment (TME) of the cancer cells contains aberrant epigenetic marks which are known to cause a favorable environment for tumor growth (Lodewijk et al., 2021). The existing literature not only emphasizes research on epigenetic regulation and its role in cancer development but also on the interaction of tumour cells with TME. In the context of the above-mentioned facts, this review has shed light on epigenetic changes and the use of integrated network medicine with epigenetics in the development of epimarkers/epidrugs along with several challenges faced during their development. The administration of such anticancer therapies might lead to reverse epigenetics which could be useful in the treatment and management of cancer patients.
MECHANISMS OF EPIGENETIC MODIFICATION
Several molecular mechanisms exist behind epigenetic regulation, including DNA and RNA methylation, histone modifications, and ATP dependent nucleosome remodelling which have been discussed here.
DNA and RNA methylation
DNA methylation is one of the widely studied epigenetic mechanisms in cancer etiopathogenesis. Aberrant methylation leads to DNA hypermethylation or hypomethylation. In DNA hypermethylation, the process of methylation occurs at the cytosine bases present in the promoter region of genes by a group of enzymes called DNA methyltransferases (DNMTs), including DNMT1, DNMT3a, and DNMT3b (Jones and Baylin, 2002). These enzymes convert cytosine residues to 5-methylcytosine eventually leading to decreased gene expression via transcriptional suppression (Fan et al., 2012; Li et al., 2012). On the contrary, DNA hypomethylation indicates overall decrease in the methylation levels as compared to normal cells, and affects the intergenic and intronic regions of the DNA, resulting in chromosomal instability and increased mutation activities (Wilson et al., 2007). The global hypomethylation with hypermethylation of specific gene promoters has already been reported by various studies on cancer (Kurkjian et al., 2008). Thus, inappropriate DNA methylation may lead to altered expression of tumor suppressor genes (deregulation) and/or oncogenes (upregulation) in cancer cells (Kulis and Esteller, 2010). In fact, differences in methylation patterns exist within CpG islands of ∼70% of all mammalian promoters, which have been known to play an important role in transcriptional and post-transcriptional regulation (Robertson, 2005; Tost, 2009). In addition, the introduction of high throughput sequencing has confirmed that 5–10% of abnormally methylated CpG promoter islands are present in various cancer genomes. Also, the hypermethylation of CpG islands in several promoters influences the expression of various noncoding RNAs (ncRNA) as well as messenger RNAs (mRNA), which are known to have a role in cancer progression (Baylin and Jones, 2011). Even, the whole genome sequencing data in several cancers have shown that various somatic mutations exhibit in numerous epigenetic regulators (Forbes et al., 2017).
A less studied epigenetic process is RNA methylation. It is about seven times greater than DNA methylation. These modifications result in mRNA localization and transcript degradation (Zaccara et al., 2019). With the advent of next generation sequencing and the discovery of RNA methylation-related proteins, it is easy to comprehend that methyl modifications at mRNA level may affect the cellular processes resulting in human diseases. Presently, over 150 different RNA modifications have been observed, of which the N6-methyladenosine (m6A) modification is the most abundant and it is recognized by RNA binding proteins that affect many characteristics of mRNA function (Schwartz et al., 2014; Linder et al., 2015). Similar to modifications at the DNA methylation level, alterations at RNA level affect the epigenetic regulation of gene expression (Figure 1).
[image: Figure 1]FIGURE 1 | Representative image of epigenetic mechanisms (Template was created by free Biorender.com). (A) Histone modification- Histone methyltransferases (HMT) add methyl groups to histones (H4K20Me3). Histone demethylases (HDM)/Lysine demethylase (KDM6/4) remove these methyl groups. It is associated with both gene expression and silencing. Histone acetylation; The addition of an acetyl group on H3K9Ac (lysine 9 histone H3) in enhancer/promoter region by histone acetylase (HAT) enzyme. Histone deacetylase (HDAC) interact with transcriptional repressor (TR) to remove the modifications. (B) DNA methylation- DNA methyltransferases (DNMTs) add methyl group in the promoter region of genes. On the contrary, DNA hypomethylation indicates overall decrease in the methylation levels as compared to normal cells, and affects the intergenic and intronic regions of the DNA, resulting in chromosomal instability and increased mutation events (C) RNA methylation- Indirect translational repression by miRNA causes deadenylation, in which the 3′ poly(A) tail of an mRNA is removed, leading to increased mRNA degradation. The miRNA–mRNA interaction can lead to several modes of direct translational repression.
Histone modification
We are already familiar with the chromatin structure which involves wrapping of DNA on histone octamer -2 subunits each of H2A, H2B, H3 and H4 proteins joined together by H1 proteins. Histone modification takes place at the amino-terminal tail of these histones via the process of acetylation, methylation, phosphorylation, ADP-ribosylation, or ubiquitination. Several enzymes are known to catalyse the above-mentioned processes. The addition of acetyl, methyl, phosphate group etc. to histone amino-terminal tail is performed by histone acetyltransferases (HATs), histone methyltransferases (HMTs), and histone kinases. These epigenetic marks are known as writers and act as transcriptional co-activators. On the contrary, erasers [histone deacetylases (HDACs), histone demethylases (HDMs), phosphatases] function as transcriptional co-repressors by removing these groups from histone end (Li et al., 2020). All these enzymes are involved in the simultaneous opening and closing of chromatin structure, which is necessary for gene expression to occur (Figure 1). Aberrations in these enzymes may lead to altered gene transcription and post-transcriptional modifications, thereby resulting in cancer.
ATP dependent chromatin remodelling
The DNA nucleosome interactions can be modified (histone ejection, removal and incorporation) through chromatin remodelling complexes by ATP hydrolysis. These chromatin-remodelling complexes can be classified into switching defective/sucrose nonfermenting (SWI/SNF), chromodomain-helicase DNA-binding protein (CHD), imitation SWI (ISWI), and INOsitol requiring mutant 80 (INO80) complexes. The catalytic subunit of these complexes performs DNA translocation along with the histone core of the nucleosome (Clapier et al., 2017).
The SWI/SNF complexes are one of the most widely studied ATP dependent chromatin remodelling complexes. They are found to be mutated in 25% of human cancers (Mittal and Roberts, 2020) and are playing an essential role in chromatin remodelling by positioning nucleosomes. Their catalytic activity is known to be associated with SMARCA4/2 proteins. Numerous studies also suggest that SWI/SNF complexes are involved in the regulation of cell progression, cell motility, and nuclear hormone signalling (Wilson and Roberts, 2011). The SWI/SNF complex was found to be altered in 33–42% of pancreatic cancer cases by whole-exome sequencing studies (Shain et al., 2012; Witkiewicz et al., 2015).
The next important complex is ISWI which mobilizes nucleosomes by helping the transcription factors to bind a nucleosome-free DNA. Unlike SWI/SNF complex, ISWI is held to nucleosomes by a SANT and a SLIDE domain (Grüne et al., 2003). As reported in the literature, ISWI complexes have a key role in DNA repair and recombination (Aydin et al., 2014). In humans, two ISWI subunits namely sucrose nonfermenting 2L (SNF2L) and sucrose nonfermenting 2H (SNF2H) ATPases are identified. It has been noticed that SNF2H suppressed the oncogene ras in human cells (Andersen et al., 2006). A tissue microarray study on 78 paraffin wax-embedded prostatic tissues observed a significant increase in ISWI (SNF2L and SNF2H) proteins in prostatic intraepithelial neoplasia and prostate adenocarcinoma (Mohamed et al., 2007). To date, no clinical trials have been performed to unravel the potential of these small molecules as epigenetic biomarkers in cancer therapies.
EPIGENETIC DIAGNOSTIC BIOMARKERS
Epigenetic changes like DNA methylation and histone modification detected in early tumorigenesis and cancer progression have been proposed as biomarkers for early cancer detection, tumor prognosis, and treatment response (Figure 2). They are rarely translated into biomarkers for clinical practice, even though there have been major advances in the characterization of cancer. Due to stability in body fluids like urine and serum, which have a great opportunity for assay development to assistance in patient’s treatment, the epigenetic changes act as innovative cancer biomarkers. Recent studies have identified various epigenetic cancer biomarkers that have already been commercialized. However, further validation studies are required to take it to the clinics. Over here, epigenetic diagnostic and prognostic biomarkers that are most promising for the most common cancers have been discussed (Figure 3).
[image: Figure 2]FIGURE 2 | Mechanism of action of epidrugs in anticancer therapies [Icons were created by Biorender.com (accessed on February 9th 2022)].
[image: Figure 3]FIGURE 3 | Epigenetic biomarkers and different sample types for diagnosis, prognosis, and treatment therapies in different cancers [Icons were created by Biorender.com (accessed on January 28th 2022)].
Prostate cancer
Prostate cancer is the second most common cancer (14.8%) in men and the fourth leading cause of cancer related death (6.6%) (Sung et al., 2021), globally. Prostate cancer is quite heterogenous and lethal disease at clinical level, which makes it impervious not only to diagnose it early but also for evaluating the threat that a given prostate cancer bears to its host (Jain et al., 2014). Therefore, further studies are required to develop epigenetic biomarkers to meet these goals. In 95% of prostate cancer patients, higher expression of PCA3 and ncRNA have extensively been reported in blood samples. Commercially available PROGENSA™, prostate cancer biomarker (Durand et al., 2011) quantifies PCA3 expression ratio normalized as input control for prostate specific antigen (PSA) mRNA. For early detection of prostate cancer by semi non-invasive method, PCA3 testing may be useful, thus also avoiding unnecessary prostate biopsy. The most promising prostate cancer epigenetic biomarkers are DNA methylation and glutathione S-transferase pi gene (GSTP1) promoter hypermethylation (Maldonado et al., 2014).
Glioblastoma
Few studies have reported a correlation of promoter methylation at the methylguanine-DNA methyltransferase (MGMT) gene with favorable treatment outcomes in glioblastoma patients treated with temozolamide, suggesting its possibility to be used as an epigenetic biomarker (Donson et al., 2007; Rosas-Alonso et al., 2021; Kim et al., 2022).
Colorectal cancer
Studies have shown that high levels of hypermethylated DNA exists in colorectal cancer which leads to genomic instability (Toyota et al., 1999). The methylation status of five genes- CACNA1G, IGF2, NEUROG1, RUNX3, and SOCS126 may identify CpG island methylator phenotype (CIMP) positive colon cancers, which are characterized by high incidence of p16 and THBS1 methylation and frequent KRAS and BRAF mutations (Lao and Grady, 2011; Zhang et al., 2021). One of our published studies observed that RASSF1A, FHIT and MGMT gene methylation patterns may be used as markers in diagnosing colorectal cancer (Sinha et al., 2013).
Esophageal cancer
A recent epigenomic study has shown differential methylation patterns in several genes which may account for esophageal cancer development and in future can be realised as diagnostic biomarkers (Lin et al., 2018). An Indian study observed promoter methylation in 52% of histopathologically confirmed tumor tissues and the methylation frequency increased with higher histological grades of the cancer (p = 0.0001) (Salam et al., 2009).
Bladder cancer
In 2021 (Sung et al., 2021), the incidence rate of bladder cancer was 3.3%, and the mortality rate of 2.0% globally. At present no accurate diagnostic or prognostic biomarkers are commercially available. Some biomarkers representing higher sensitivity than cytology (Letelier et al., 2012) have been reported based on methylation. As per some studies, based on genome-wide characterization, bladder cancer cells demonstrated that VIM, GDF15, and TMEFF2 show 94% sensitivity and 100% specificity in urine samples (Costa et al., 2010). The data of other epigenetic alterations like histone modification in bladder cancer is infrequent.
Breast Cancer
Several studies have suggested alterations in histone-modifying enzymes like enhancer of zeste homolog 2(EZH2). This enzyme is encoded by EZH2 gene, which participates in histone-methylation and transcriptional repression. EZH2 has significantly reduced expression of histone in breast cancer (Yomtoubian et al., 2020). Another one is Protein Arginine Methyltransferase (PRMT1). It is also a histone modifying enzyme which plays an important role in the epithelial-to-mesenchymal transformation (EMT) of breast cancer cells (Mathioudaki et al., 2011) in the development of cetuximab sensitivity in triple-negative breast cancer (TNBC) cell lines (Gurdal et al., 2019) with high grade malignancy and poor prognosis (Bianchini et al., 2016). The role of SETD7 (SET Domain Containing 7), lysine methyl transferase in post translational modification of non-histone protein and having prognostic as well as negative effects with tumorigenesis and poor prognosis in patients (Huang et al., 2017) with the expression of lysine methyltransferase SETD7 has been suggested. It is a potential promoter of the antioxidant pathway balancing the cytotoxic effect of oxidative stress. Further validation, for histone modification-based biomarkers is still required.
Stirazaker et al., 2015 divided TNBCs into different epigenetics groups viz. high, intermediate, and low-risk groups based on epigenetic subtypes and the methylated region that is correlated with the progression of the disease. One of the recent studies has also confirmed a correlation between shorter periods of reduction in analysed TNBC-samples (Stirzaker et al., 2015) and hypermethylation of gene regions. Hypermethylation provides explanations and evidence for clinical threat and helps in treatment planning in patients having a higher risk of recurrence.
Ovarian cancer
The worldwide incidence and mortality rates of ovarian cancer in the year 2021 were 1.1% and 2.3%, respectively (Sung et al., 2021). Histone modifications by acetylation with aberrant tubulin protein expression, reduction of PACE3 expression, silencing of survivin (BIRC5), upregulation of pRb tumor suppressor gene and CDKN1 (Cyclin-dependent Kinase) were reported in ovarian tumor formation. Furthermore, the overexpression of Histone Deacetylase Enzymes HDAC3, and loss of H3K27me3 (an epigenetic modification of DNA histone protein H3) was reported to be associated with prognosis (Li et al., 2021) and higher stages of tumor in ovarian cancer. H3K4me3 plays an important role in the transcriptional repression of tumor necrosis factor TNFRSF11B and upregulate the H3K27me3 (Chapman-Rothe et al., 2013). The loss of RNF20 (Ring Finger Protein 20) and H2Bub1 (H2B monoubiquitination) to the progression of ovarian tumors by chromatin remodelling has been reported by a very recent study (Hooda et al., 2019). Tang et al. (2018) revealed that AMPK (Activated Protein Kinase) moderate the repression of H3K27me3 after treatment with metformin and expressed its usefulness in the treatment of ovarian cancer cases. A study also reported that EZH2 facilitates TIMP2 (Tissue Inhibitor of Metalloproteinase 2) and ADP-Ribosylarginine hydrolase 1 (ARH1) by DNA methylation and H3K27me3, which leads to ovarian cancer metastasis. Their inhibitors could thus be used as potential epigenetic biomarkers for the early detection and diagnosis of cancer after proper clinical studies and validation of the same.
Research has recognized the role of epigenetics in developing drug resistance thereby affecting cancer treatment. Cacan et al. (2016) reported that the loss of apoptosis antigen 1 expression impacts drug resistance, which is mediated by histone deacetylase 1 (HDAC1) in chemoresistant ovarian cancer cells (Cacan, 2016). Using ChIP-sequencing, Curry et al. (2018) identified H3K27me3 and H3K4me3 methyltransferases in the promoter region in tumor cases which were acquired resistance for pre and post platinum and showed that these genes are involved in epigenetic silencing during chemotherapies and are prone to hypermethylation thus providing novel awareness to prevent disclosure of drug resistance (Curry et al., 2018).
A recent study has described hypomethylation of developmental genes MSX1, DAXX and TMEM88. mRNA expression of these developmental genes is associated with platinum resistance and inversely correlated with promoter methylation in ovarian cancer patients by treatment with Guadecitabine (DNA methyl transferase inhibitor) and cisplatin (Bonito et al., 2016; de Leon et al., 2016).
DNA methylation regulates epithelial mesenchymal transition (EMT) by lncRNA (HOTAIR) and it is a sign of resistance to carboplatin (Singh et al., 2019). A study has also described how DNA methylation targeted genome scale strategies could prevent the formation of tumors, for example Guadecitabine facilitated inducing hypomethylation, activates tumor suppressor genes and affects metabolic and immune responses to contributing platinum drug desensitization in ovarian cancer. It may help in improving of patients survival outcomes with ovarian cancer (Fang et al., 2018). An epigenetic study described that the methylation of Zinc Finger protein 671 (ZNF671) can serve as a prognosticator for the early relapse of ovarian tumorigenesis and correlates with disease aggressiveness and progression (Zhang et al., 2019). Epigenetic inhibitors used for combinational therapies, would possibly be most effective by repair of pathways associated with drug response for chemo-desensitization of resistant tumors and would consequently implicate improved survival outcomes as well as personalized treatment for various cancers.
EPIGENOME-TARGETED THERAPIES
Quite a few epidrugs are approved for the treatment of several cancers. These epidrugs are the inhibitors of DNA methyltransferase (DNMTi) and histone deacetylase (HDACi) enzymes (Figure 4). The first US-FDA approved epigenetic drug is 5- azacitidine (Azacitidine), a DNMTi which is used in the treatment of myelodysplastic syndromes (MDS) and acute myeloid leukaemia (AML). Even combination therapies including both DNMTi and HDACi are widely inspected in the treatment of MDS, AML and chronic myelomonocytic leukaemia (CMML) (Blagitko-Dorfs et al., 2019). However, clinical results for such a combination of inhibitors are controversial (Thurn et al., 2011). The major reason being the lack of large sized cohort studies. Now, the research on epidrug development has expanded its boundary to targeted therapy, shifting the focus on the presence of activating mutations in epigenetic players, especially histone methyltransferases. It has been found that the evolutionarily conserved histone modifier EZH2 is mutated in several cancers. Another inhibitor of EZH2, Tazemetostat (TAZVERIK, Epizyme, Inc.) was approved by US- FDA in June 2020 for treating adult patients with relapsed or follicular lymphoma with EZH2 positive mutations.
[image: Figure 4]FIGURE 4 | Epidrugs in preclinical and clinical trials for cancer therapy [Icons were created by Biorender.com]. (DNMTi - DNA methyl Transferase; HDACi—Histone deacetylase inhibitor; - HMTi -Histone methyltransferase inhibitors; HDMi- Histone demethylase inhibitors and HATi -Histone acetyltransferase inhibitors).
One of the main problems in the application of epidrugs is that the drug binds to other targets rather than its own target. This is called “off-target effects” in epigenetic therapy. Growing epi-research has shown that the use of synthetic lethal approaches might result in apoptosis. In this approach, two inactive genes which synergistically result in apoptosis are selected and combined. These epidrugs are delivered to target synthetic lethal partners having genetic mutations in cancer cells. However, these drugs are less/not toxic to non-cancerous cells with no mutations, resulting in more precise therapy. One such epidrug is the inhibitor of the histone methyltransferase DOT1L (disrupter of telomere silencing 1-like), Pinometostat which specifically kills the MLL-fusion leukaemia cells (Marcos-Villar and Nieto, 2019). Another epidrug used in the treatment of lung cancer with a specific DNA hypomethylation is GSK2879552. It is an inhibitor of lysine-specific histone demethylase 1A (LSD1) (Smitheman et al., 2019). GSK2879552 treatment results in the increase of H3K4 methylation, thereby reducing tumour potential (Fang et al., 2019).
Interestingly, DNA methylation biomarker technology is being employed in circulating free DNA present in body fluids to detect cancers. In the year 2017, “Epi proLung®” assay has received the Conformité Européenne (CE) mark as In Vitro Diagnostic (IVD) test for lung cancer diagnosis. It is based on methylation analysis of SHOX2 (Short Stature Homeobox 2) and PTGER4 (the prostaglandin E receptor 4) genes (Beltrán-García et al., 2019). Numerous reports have shown increased promoter methylation of SEPT9, Vimentin, and NDRG4 gene in colorectal cancer. The US- Food and Drug Administration (FDA) has also approved non-invasive DNA methylation tests of these genes for early colorectal cancer screening programmes (Ned et al., 2011; Lamb and Dhillon, 2017).
Another CE-IVD marked test, miRpredX-31-3p kit (IntegraGen S.A., France) is based on the quantification of miR-31-3p expression levels. It is used to recognise metastatic colorectal cancer patients who can benefit from anti-EGFR (epidermal growth factor receptor) therapy (Ramon et al., 2018). Thus, an effective evolution of epidrugs in cancer therapeutics can be seen from inhibitors to combination therapies to non-invasive diagnostic assays. However, the area of epigenetics still needs to be explored in precision oncology for effective cancer treatment and management.
EPIGENETICS AND INTEGRATED NETWORK MEDICINE
The future of epidrug development involves the use of integrated network medicine with epigenetics, where several analytical methods like protein-protein interaction (PPI) networks, correlation-based networks and gene regulatory networks are utilized to roll out key genes, relevant regulatory and co-regulatory networks in causing disease pathogenesis (Silverman et al., 2020; Sarno et al., 2021). A group at Stanford University, United States has developed the Genomic Regions Enrichment of Annotations Tool (GREAT) for functional enrichment analysis of DNA binding events across the entire genome, which is useful in identifying gene-regulatory networks and subnetworks in epigenomics data analysis (McLean et al., 2010). Another integrative epigenome-transcriptome-interactome tool called Functional Epigenetic Modules (FEM), identified HAND2 methylation as an important epigenetic alteration in the development of endometrium cancer (Jones et al., 2013; Jiao et al., 2014). In addition, integrative analysis on epigenetic modifications and their effect on gene expression can be performed using Epigenetic Module based on Differential Networks (EMDN) algorithm (Ma et al., 2017). These frameworks could be utilized directly from epigenomic data to unravel co-regulatory networks responsible for causing the disease.
Zheng et al. (2020), used deep neural network (DNN) algorithm to predict cancer diagnosis in the DNA methylation data of 7,339 patients of 18 different cancer origins from The Cancer Genome Atlas (TCGA) (Zheng and Xu, 2020). Recently, weighted correlation network analysis (WGCNA) of 201 patients in a TCGA prostate cancer dataset revealed hypermethylation of FOXD1 might promote poor prognosis (Zhang et al., 2020). Another study yielded 13 genes epigenetic signature that stratified breast cancer patients into low and high-risk groups by using WGCNA analysis and single sample gene set enrichment analysis (ssGSEA) (Bao et al., 2019). One more tool named SWItchMiner (SWIM) is being used to identify potential therapeutic targets when applied to large panel of cancer datasets from TCGA (Paci et al., 2017).
Thus, network medicine might advance the field of epigenomics as it is possible to rule out the co-regulatory networks of DNA methylation (Figure 5). However, its clinical application is still lacking accompanied by the challenges of integration of epigenomics data in multi-omics.
[image: Figure 5]FIGURE 5 | Diagrammatic representation of research pipeline on the discovery of novel potential epi-markers in human cancers (Template was created by free Biorender.com).
CHALLENGES AND WAY FORWARD FOR EPIDRUG DEVELOPMENT
Epidrug development is accompanied by its own set of challenges that needs to be addressed for the establishment of locus-specific, highly sensitive and cost-effective biomarkers. The main obstacle is to comprehend the “casualty” of epigenetics, meaning that whether the epigenetic abnormality is a result of malignancy or malignancy itself is caused due to these variations. It is crucial to decipher the link between epigenetic differences and cancer progression to establish a biomarker with potential utility in the cancer clinics. This is only possible by pursuing special cohort studies where epigenome profiling can be maintained before the start and after the end of the disease. The high cost of such studies limits their application.
Another challenge is the lack of locus specificity which might cause epigenome-wide “off-target” effects leading to the loss of important gene function and can be resolved using new epigenome editing approaches (Du et al., 2015). With the introduction of proteolysis targeting chimera (PROTAC) drug design approach, epidrugs specific to genetically altered chromatin players can be developed, thereby offering precise cancer therapies approach in treatment (Majchrzak-Celinska et al., 2021).
It is understandable that the epigenetic changes, especially the methylation patterns are very informative in establishing both diagnostic and prognostic biomarkers. But the problem lies in the complex assay systems, imprecise reproducibility, inadequate clinical validation, and false discovery of these biomarkers (Lorincz, 2011). Therefore, implementing clinical epigenetics for the benefit of public health is the main goal of epigenetics research. However, it is restricted due to the variable cellular composition of epigenomic profiles of bulk cell populations. To resolve this issue, single-cell methods should be undertaken to provide resolution of DNA at single-cell level like 5-methylcytosine or 5-hydroxymethylcytosine. Also, computational algorithms can be used to correct variable cellular composition by comparisons to reference epigenomes. Another biological challenge is the limited knowledge of complex epigenome with small sized studies. In addition to the epigenome, epitranscriptome should be studied to rule out potentially modified RNA molecules in cancer, whose potential as epigenetic marks can be exploited before clinical application (Salam et al., 2009). As epigenetic modifications are dynamic, it is vital to consider all epigenetics layers using multiomics approaches along with integrated network medicine for epidrug development.
CONCLUSION
It is well established that there is a link between cancer and epigenetics. Some epigenetic drugs have already been approved by US-FDA and many more epidrugs are under development for appropriate cancer detection and treatment. Furthermore, there is a scope for epigenetics-based cancer therapies delineating the tumor heterogeneity in different cancers with precision, that should focus on cell-cell behaviour in TME. In addition, epigenetic research should focus on network and precision medicine approaches for the discovery of novel biomarkers so that they can be safely translated to the clinic after proper clinical trials. Thus, proper identification of the epigenetic landscape behind the cancer progression and establishing therapeutic drugs is the future of epigenetics in cancer without forgetting to overcome the challenges faced in effective epidrug development.
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Background: Studies have reported that RNA-binding proteins (RBPs) are dysregulated in multiple cancers and are correlated with the progression and prognosis of disease. However, the functions of RBPs in non-small cell lung cancer (NSCLC) remain unclear. The present study aimed to explore the function of RBPs in NSCLC and their prognostic and therapeutic value.
Methods: The mRNA expression profiles, DNA methylation data, gene mutation data, copy number variation data, and corresponding clinical information on NSCLC were downloaded from The Cancer Genome Atlas, Gene Expression Omnibus, and the University of California Santa Cruz Xena databases. The differentially expressed RBPs were identified between tumor and control tissues, and the expression and prognostic value of these RBPs were systemically investigated by bioinformatics analysis. A quantitative polymerase chain reaction (qPCR) was performed to validate the dysregulated genes in the prognostic signature.
Results: A prognostic RBP-related signature was successfully constructed based on eight RBPs represented as a risk score using least absolute shrinkage and selection operator (LASSO) regression analysis. The high-risk group had a worse overall survival (OS) probability than the low-risk group (p < 0.001) with 1-, 3-, and 5-year area under the receiver operator characteristic curve values of 0.671, 0.638, and 0.637, respectively. The risk score was associated with the stage of disease (p < 0.05) and was an independent prognostic factor for NSCLC when adjusted for age and UICC stage (p < 0.001, hazard ratio (HR): 1.888). The constructed nomogram showed a good predictive value. The P53, focal adhesion, and NOD-like receptor signaling pathways were the primary pathways in the high-risk group (adjusted p value <0.05). The high-risk group was correlated with increased immune infiltration (p < 0.05), upregulated relative expression levels of programmed cell death 1 (PD1) (p = 0.015), cytotoxic T-lymphocyte-associated protein 4 (CTLA4) (p = 0.042), higher gene mutation frequency, higher tumor mutational burden (p = 0.034), and better chemotherapy response (p < 0.001). The signature was successfully validated using the GSE26939, GSE31210, GSE30219, and GSE157009 datasets. Dysregulation of these genes in patients with NSCLC was confirmed using the qPCR in an independent cohort (p < 0.05).
Conclusion: An RBP-related signature was successfully constructed to predict prognosis in NSCLC, functioning as a reference for individualized therapy, including immunotherapy and chemotherapy.
Keywords: RNA-binding proteins, non-small cell lung cancer, prognosis, immune infiltration, therapy, bioinformatics
INTRODUCTION
Non-small cell lung cancer (NSCLC) is the leading cause of cancer-related death worldwide with an incidence rate of 1.3 million cases per year (Bray et al., 2018). NSCLC remains asymptomatic during the early stage, and only 25% of patients with NSCLC are diagnosed at this stage (Ni et al., 2018). However, approximately 80% of patients are diagnosed in metastatic stages with a 5-year survival rate below 15% (Goldstraw et al., 2016). Despite constant progress in novel therapies for NSCLC, including targeted therapy, immunotherapy, and chemotherapy, the therapeutic efficacy is still unsatisfactory (Facchinetti et al., 2016). Thus, the identification of effective biomarkers to accurately predict the overall survival (OS) probability and guide therapy in NSCLC is of great importance.
RNA-binding proteins (RBPs) are a group of proteins that function with an RNA-binding domain to distinguish and bind to target RNAs, including coding RNAs and non-coding RNAs (Hong, 2017). To date, more than 1,500 RBPs have been identified in the human genome through high-throughput screening (Cook et al., 2011; Gerstberger et al., 2014). RBPs modulate the fate of binding RNAs by regulating transcription, editing, splicing, polyadenylation, translocation, and turnover (Müller-McNicoll and Neugebauer, 2013). In recent years, studies in genetics and proteomics have shown that most RBPs exhibit functional abnormalities in lung cancer. Quaking I-5 (QKI-5), RALY heterogeneous nuclear ribonucleoprotein (RALY), and KH-type splicing regulatory protein (KHSRP) promote cancer cell proliferation and invasion, and they are associated with OS probability in NSCLC (Yan et al., 2019; Liang et al., 2020a; Song et al., 2020). Musashi1 (MSI1) promotes NSCLC malignancy and chemoresistance (Lang et al., 2017). RNA-binding motif protein 47 (RBM47) inhibits NSCLC metastasis through modulation of AXIN1 mRNA stability and Wnt/β-catenin signaling (Shen et al., 2020). However, the molecular mechanism of RBPs and their prognostic predictive ability in NSCLC remain unknown. A systematic analysis of RBPs has reported novel and comprehensive insights into the underlying mechanism during cancer progression, and prognostic signatures using RBPs have been constructed in multiple tumors (Li et al., 2020a; Li et al., 2020b; Li et al., 2020c; Kang et al., 2020; Wang et al., 2020). However, a prognostic RBP-related signature in NSCLC has not been reported. Thus, the present study aimed to explore the function of RBPs in NSCLC and their prognostic and therapeutic value.
In the present study, mRNA expression profiles, DNA methylation data, gene mutation data, copy number variation data, and clinical information on NSCLC were obtained from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/repository), Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), and the University of California Santa Cruz (UCSC) Xena (https://xenabrowser.net/) databases. The differentially expressed RBPs (DERBPs) were screened and then applied to perform functional enrichment analysis and to construct a prognostic RBP-related signature. A nomogram was created, and Kaplan–Meier survival analysis and Cox regression analysis were performed to explore its prognostic value. The underlying molecular mechanisms between the different risk groups were investigated using gene set enrichment analysis (GSEA). The correlations of risk score with clinical characteristics, DNA methylation levels, tumor mutational burden (TMB), immune infiltration, and chemotherapy sensitivity were analyzed using R software packages. Finally, dysregulated expression levels of these genes were validated using the quantitative polymerase chain reaction (qPCR).
MATERIALS AND METHODS
Data preprocessing and identification of DERBPs
The following data were downloaded from TCGA database: mRNA expression profiles of 1,037 NSCLC samples and 108 control samples; DNA methylation data on 807 NSCLC samples and 71 control samples; gene mutation data on 1,059 NSCLC samples; and clinical information (age, gender, smoking history, Union for International Cancer Control (UICC) stage, survival time, and survival status) on 1,027 tumor samples. Moreover, the GSE31210, GSE26939, GSE30219, and GSE157009 datasets were obtained from the GEO database. The GSE31210, GSE30219, and GSE157009 datasets were generated using the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array, whereas the GSE26939 dataset was generated using the GPL9053 Agilent-UNC-custom-4X44K. The GSE31210 dataset included mRNA expression profiles of 226 NSCLC samples and 20 control samples, as well as clinical information on 226 NSCLC samples. The GSE26939 dataset included mRNA expression profiles of 116 NSCLC samples and 0 control samples, as well as clinical information on 116 NSCLC samples. The GSE30219 dataset included mRNA expression profiles of 293 NSCLC samples and 14 control samples, as well as clinical information on 293 NSCLC samples. The GSE157009 dataset included mRNA expression profiles of 249 NSCLC samples and 0 control samples, as well as clinical information on 249 NSCLC samples. Copy number variation data on 1079 NSCLC samples were downloaded from the UCSC Xena database. The inclusion criteria were as follows: 1) NSCLC; 2) mRNA expression profiles, and 3) complete follow-up data. Therefore, 978 patients from TCGA, 226 patients from the GSE31210 dataset, 114 patients from the GSE26939 dataset, 264 patients from the GSE30219 dataset, and 248 patients from the GSE157009 dataset were enrolled in the present study. The baseline characteristics of the patients are shown in Table 1. A total of 1,542 RBPs were included in the present study (Cook et al., 2011; Gerstberger et al., 2014). DERBPs were identified based on |log2 fold change (FC)| ≥ 0.7 and adjusted p value <0.05 using the “limma” package in R (Version 4.0.2) when two groups were compared. The “ggplot2” and “gplots” packages in R were used to generate the volcano plots and heatmap.
TABLE 1 | Clinical features of patients with NSCLC from TCGA and GEO databases.
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Functional enrichment analyses of the DERBPs were performed by Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses using the “clusterProfiler,” “org.Hs.eg.db,” “enrichplot,” “ggplot2,” and “GOplot” packages in R. GO analysis included biological processes (BPs), cellular components (CCs), and molecular functions (MFs). The adjusted p value <0.05 was considered statistically different.
Construction and validation of the prognostic RBP-related signature
The prognostic RBPs were screened using DERBPs through univariate Cox regression analysis, and p < 0.05 was selected as the statistical threshold. The least absolute shrinkage and selection operator (LASSO) regression analysis was applied to identify hub DERBPs to minimize the risk of overfitting among the signatures. The changing trajectory of each independent variable was first analyzed, and fivefold cross-validation was used to build a model and analyze the confidence interval under each lambda value. The following formula was utilized: risk score = expression for each gene x coefficient for each gene. The patients were divided into low- and high-risk groups, according to the median risk score. A Kaplan–Meier survival curve was constructed between the two risk groups and was compared using the log-rank test. A receiver operating characteristic (ROC) curve was used to assess the predictive value of the Kaplan–Meier survival curves, and 1-, 3-, and 5-year area under the curve (AUC) values were calculated. The prognostic signature was validated using the following independent cohorts: GSE31210, GSE26939, GSE30219, and GSE157009.
Correlation of the risk score with clinical characteristics
The risk score was compared in different age groups (≥65 and <65 years), genders (female and male), UICC stages (stage I–II and stage III–IV), T stages (T1–2 and T3–4), N stages (N0 and N1–3), and M stages (M0 and M1) by the Mann–Whitney test in TCGA cohort. Univariate and multivariable Cox regression analyses were performed to screen independent prognostic factors for NSCLC in TCGA, GSE31210, and GSE26939 datasets by R software.
Nomogram and calibration plots
A nomogram was applied to forecast the likelihood of OS probability using independent prognostic factors for NSCLC through the “rms” package in R. Calibration plots of the nomogram were generated to evaluate the conformity of the nomogram predicted and actual OS probability.
Gene set enrichment analysis
GSEA is a computational method that determines whether a previously defined set of genes shows a significant difference between two biological states (Subramanian et al., 2005). The “c2. cp.kegg.v7.5.1. symbols.gmt” file was downloaded from the GSEA database (http://www.gsea-msigdb.org/gsea/index.jsp). The “limma,” “GSEABase,” “GSVA,” and “pheatmap” packages in R were applied to perform KEGG pathway analysis between the two risk groups. The adjusted p value <0.05 was considered statistically significant.
DNA methylation, TMB, and copy number variation analyses
DNA methylation data on NSCLC were obtained by Strawberry Perl (5.32.1.1–64-bit). DNA methylation levels of prognostic genes were extracted using the “limma” package in R and compared between the two risk groups by the Mann–Whitney test. Gene mutation data on lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) were allocated in different “maf” files in TCGA database, and the gene mutation frequencies in the two risk groups in LUAD and LUSC were evaluated using the “maftools” package in R. The correlation of risk score with TMB was evaluated by the Mann–Whitney test and Spearman’s rank correlation analysis. Kaplan–Meier survival curve analysis was performed on the high-risk score + high TMB group and the low-risk score + low TMB group, and the curves were compared by the log-rank test by R software. Copy number variation matrixes of NSCLC were obtained by Strawberry Perl. The copy number variation levels and positions of prognostic genes were analyzed using the “RCircos” package in R.
Immune infiltration analysis
The mRNA expression matrix of NSCLC was converted into a tumor microenvironment (TME) score matrix using the “limma” and “estimate” packages in R. TME scores, including immune score, stromal score, and estimate score, were compared between the two risk groups using the “reshape2” and “ggpubr” packages in R. Immune infiltration profiles were compared between the two risk groups and visualized by a violin plot using the “vioplot” package in R. The correlations of immune cells with risk scores were evaluated using the “limma,” “reshape2,” “tidyverse,” “ggplot2,” “ggpubr,” and “ggExtra” packages in R. Comparisons were performed by Spearman’s rank correlation analysis based on p-value <0.05 and |r| > 0.1. Relative expression levels of immune checkpoint inhibitors (programmed cell death 1 (PD1), programmed cell death ligand 1 (PDL1), and cytotoxic T-lymphocyte-associated protein 4 (CTLA4)) were compared between the two risk groups.
Sensitivity of chemotherapy drugs
Nine chemotherapy drugs, namely, axitinib (Solomon et al., 2022), dasatinib (Kim et al., 2021), docetaxel (Xiao et al., 2022), erlotinib (Wang et al., 2022), gemcitabine (Guo et al., 2022), metformin (Arrieta et al., 2022), paclitaxel (Saito et al., 2022), parthenolide (Li et al., 2020d; Sun et al., 2020), and shikonin (Pan et al., 2021), were screened from the previous literature that demonstrated their antitumor efforts on lung cancer, and they were selected for the present study. The half inhibitory concentration (IC50) of the chemotherapy drugs was compared between the two risk groups in NSCLC using the “pRRophetic” package in R. A p-value < 0.05 was considered statistically significant.
RNA extraction and qPCR validation
Lung tissue samples from patients with NSCLC were obtained from the West China Hospital of Sichuan University. Histologically normal tissues were used as controls. Total RNA was extracted from the lung tissues (14 control and 13 NSCLC samples) using the E. Z.N.A. HP Total RNA Kit (OMEGA, United States), according to the manufacturer’s protocol. Complementary DNA (cDNA) was synthesized using the PrimeScript™ RT reagent Kit (TaKaRa, Japan), following the manufacturer’s instructions. Quantitative PCR was performed in triplicate using the Iq™ SYBR Green SuperMix (BIO-RAD, United States), according to the manufacturer’s protocol. The relative gene expression levels were normalized via the β-actin Ct value, applying the 2−ΔΔCt relative quantification method. The following qPCR primers were used:
ZC3H12C‐forward, 5′‐GGC​TTT​TGA​GTC​GGA​CGG​TA‐3′; ZC3H12C‐reverse, 5′‐TCA​GGG​GGC​ATG​AAC​TTG​TC‐3′; SM AD9‐forward, 5′‐GTT​TGT​TAC​GAG​GAG​CCC​CA‐3′; SMAD9‐reverse, 5′‐AGG​GTC​GGT​GAA​CCC​ATC​TA‐3′; MRPL15‐forwa rd, 5′‐GAG​AGG​TGT​GAC​CAT​CCA​GC‐3′; MRPL15‐reverse, 5′‐TTG​GAA​TGG​GTT​GTC​CAC​GAA‐3′; MBNL2‐forward, 5′‐ATA​CGG​CAG​ACG​GCT​TTC​AG‐3′; MBNL2‐reverse, 5′‐CTC​TGC​CTG​TCC​TTC​CCA​TT‐3′; FASTKD3‐forward, 5′‐GAT​GGA​AAC​CCT​GCC​TGA​CA‐3′; FASTKD3‐reverse, 5′‐CCA​GGT​TCA​GCA​ACA​GGC​TA‐3′; SNRPB‐forward, 5′‐AAG​GGA​AGA​GAA​GCG​AGT​CC‐3′; SNRPB‐reverse, 5′‐GCA​AGT​GGA​ACT​CGA​GCA​AT‐3′;
IGF2BP1‐forward: 5′‐TAG​CTC​CTT​TAT​GCA​GGC​TCC‐3′; IGF2BP1‐reverse, 5′‐CGG​GAG​AGC​TGT​TTG​ATG​TG‐3′; INT S7‐forward, 5′‐CAC​TAT​CAG​GGA​CCA​TCG​CC‐3′;
INTS7‐reverse, 5′‐GGT​AAC​AGC​ACT​CTT​GGG​CT‐3′; β-actin‐forward, 5′‐CCA​CGA​AAC​TAC​CTT​CAA​CTC​C‐3′; β-actin ‐reverse, 5′‐GTG​ATC​TCC​TTC​TGC​ATC​CTG​T‐3′.
Statistical analysis
Statistical analysis was performed by R (Version 4.0.2) and GraphPad Prism (Version 7.00) software. Levels of mRNA expression were expressed as the median (interquartile range), according to the data distribution type. Comparisons between the two groups were determined by the Mann–Whitney test for nonparametric data. Survival curves were compared by the log-rank test. Correlation analysis was performed by Spearman’s rank correlation analysis. p < 0.05 was considered statistically significant.
RESULTS
Identification of DERBPs and functional enrichment analysis
The study flowchart is shown in Figure 1. A total of 273 DERBPs (173 upregulated RBPs and 100 downregulated RBPs) were identified when NSCLC samples were compared to control samples (Figures 2A,B). GO analysis using 273 DERBPs identified the following enriched terms: BPs, including the ncRNA metabolic process, ncRNA processing, and regulation of the mRNA metabolic process (adjusted p value <0.05, Figure 2C); CCs, including those located in cytoplasmic ribonucleoprotein granules, ribonucleoprotein granules, and ribosomes (adjusted p value <0.05, Figure 2C); and MFs, including the catalytic activity, acting on RNA, mRNA 3'−UTR binding, and single−stranded RNA binding (adjusted p value <0.05, Figure 2C). KEGG pathway analysis identified ribosome biogenesis in eukaryotes, the mRNA surveillance pathway, and influenza A as the primary pathways in NSCLC (adjusted p value <0.05, Figure 2D).
[image: Figure 1]FIGURE 1 | Study flowchart and the main findings of the study. The numbers within the parentheses indicate the size of the sample obtained. DERBPs, differentially expressed RNA-binding proteins; GSEA, gene set enrichment analysis; NSCLC, non-small cell lung cancer; PCR: polymerase chain reaction; ROC, receiver operating characteristic; TCGA, The Cancer Genome Atlas; TMB, tumor mutational burden; UCSC, University of California Santa Cruz.
[image: Figure 2]FIGURE 2 | Identification of DERBPs and functional enrichment analysis. (A) Volcano plots. (B) Heatmap. (C) BPs, CCs, and MFs. (D) KEGG pathways. BPs, biological processes; CCs, cellular components; DERBPs, differentially expressed RNA-binding proteins; FC, fold-change; FDR, false discovery rate; KEGG, Kyoto Encyclopedia of Genes and Genomes; MFs, molecular functions; N, normal samples; T, tumor samples.
Construction and validation of the prognostic RBP-related signature
A total of 16 prognostic RBPs were screened from 273 DERBPs using univariate Cox regression analysis (p < 0.05, Figure 3A). An eight-RBP signature (zinc finger CCCH-type containing 12C (ZC3H12C), mitochondrial ribosomal protein L15 (MRPL15), muscleblind-like splicing regulator 2 (MBNL2), SMAD family member 9 (SMAD9), insulin-like growth factor 2 mRNA binding protein 1 (IGF2BP1), FAST kinase domains 3 (FASTKD3), integrator complex subunit 7 (INTS7), and small nuclear ribonucleoprotein polypeptides B and B1 (SNRPB)) were generated utilizing LASSO regression analysis (Figures 3B–D). The formula for calculating the risk score was as follows: Risk score = (0.20 * ZC3H12Cexp) + (0.31 * MRPL15exp) + (0.45 * MBNL2exp) + (-0.27 * SMAD9exp) + (0.15 * IGF2BP1exp) + (-0.37 * FASTKD3exp) + (0.22 * INTS7exp) + (0.34 * SNRPBexp).
[image: Figure 3]FIGURE 3 | Construction of the prognostic RBP-related signature. (A) Univariate Cox regression analysis. (B–D) LASSO regression analysis. (E) Kaplan–Meier survival curve. (F) Receiver operating characteristic curve. (G) Risk score distribution and survival status. (H) Heatmap of prognostic genes. AUC, area under the curve; LASSO, least absolute shrinkage and selection operator; RBPs, RNA-binding proteins; *p < 0.05; **p < 0.01; ***p < 0.001.
All patients with NSCLC were divided into low-or high-risk groups, according to the median risk score of 0.9867 (Figure 3G). The high-risk group had a worse OS probability than the low-risk group (p < 0.001; Figure 3E), and the 1-, 3-, and 5-year AUC values were 0.671, 0.638, and 0.637, respectively (Figure 3F). The high-risk group had higher mortality than the low-risk group (Figure 3G). A heatmap was generated to show the different expression profiles of the eight RBPs between the two risk groups (Figure 3H). Kaplan–Meier survival curve analysis showed that the OS probability was significantly worse in the high-risk group than in the low-risk group in the GSE31210 (p < 0.001; Figure 4A), GSE26939 (p < 0.001; Figure 4B), GSE30219 (p < 0.001; Figure 4C), and GSE157009 (p < 0.001; Figure 4D) datasets. The 5-year AUC value was 0.655 in the GSE31210 dataset (Figure 4E), 0.630 in the GSE26939 dataset (Figure 4F), 0.595 in the GSE30219 dataset (Figure 4G), and 0.548 in the GSE157009 dataset (Figure 4H). The risk score and survival status in the GSE31210, GSE26939, GSE30219, and GSE157009 datasets are shown in Figures 4I–K and 4M, respectively.
[image: Figure 4]FIGURE 4 | Validation of the prognostic RBP-related signature. (A–D) Kaplan–Meier survival curves for the GSE31210, GSE26939, GSE30219, and GSE157009 datasets. (E–H) Receiver operating characteristic curves for the GSE31210, GSE26939, GSE30219, and GSE157009 datasets. (I–M) Risk score distribution and survival status for the GSE31210, GSE26939, GSE30219, and GSE157009 datasets. AUC, area under the curve; RBPs: RNA-binding proteins.
Association of risk scores with clinical characteristics
The risk score in patients with stage III-IV cancer was increased compared to that in patients with stage I-II cancer (p = 0.004, Figure 5A). The risk score was higher in patients with T3-4 cancer than in patients with T1-2 cancer (p = 0.003, Figure 5B), and the risk score was increased in patients with N1–3 cancer compared to patients with N0 cancer (p = 0.009, Figure 5C). The risk score of male patients was higher than that of female patients (p = 0.020, Figure 5D), and the risk score did not differ in different age groups (p = 0.340, Figure 5E) or M stages (p = 0.921, Figure 5F). Univariate Cox regression analysis showed that age, UICC stage, and risk score were correlated with prognosis of NSCLC in TCGA database (hazard ratio [HR]: 1.014, p = 0.025; HR: 1.475, p < 0.001; and HR: 1.939, p < 0.001, Figure 5G), which was confirmed by multivariate Cox regression analysis (for age: HR: 1.025, p < 0.001; for UICC stage: HR: 1.457, p < 0.001; and for risk score: HR: 1.888, p < 0.001, Figure 5J). The risk score was correlated with prognosis in the GSE26939 dataset by univariate Cox regression analysis (HR: 1.647, p = 0.020, Figure 5H) and multivariate Cox regression analysis (HR: 1.765, p = 0.013, Figure 5K). The UICC stage and risk score were correlated with the prognosis of NSCLC in the GSE31210 dataset by univariate Cox regression analysis (HR: 4.232, p < 0.001; HR: 1.000, p = 0.004, Figure 5I) and multivariate Cox regression analysis (HR: 3.734, p < 0.001; HR: 1.000, p = 0.069, Figure 5L).
[image: Figure 5]FIGURE 5 | Correlation of the risk score with clinical characteristics. (A) UICC stages. (B) T stages. (C) N stages. (D) Gender groups. (E) Age groups. (F) M stages. Univariate and multivariate Cox regression analyses in (G,J) TCGA, (H,K) GSE26939, and (I,L) GSE31210. Data are presented as the median (interquartile range). TCGA, The Cancer Genome Atlas; UICC, Union for International Cancer Control; ns, no significance; *p < 0.05; **p < 0.01; ***p < 0.001.
Nomogram and calibration plots
A nomogram was constructed using the independent prognostic factors (age, UICC stage, and risk score) to predict OS probability after 1, 3, and 5 years, which was calculated by plotting a vertical line between the total point axis and each prognostic axis (Figure 6A). Calibration plots of the nomogram showed high conformity of the nomogram predicted and actual OS probability at 1, 3, and 5 years (Figure 6B).
[image: Figure 6]FIGURE 6 | Nomogram and calibration plots. (A) Nomogram to predict OS probability at 1, 3, and 5 years. (B) Calibration plots of the nomogram. OS, overall survival; **p < 0.01; ***p < 0.001.
GSEA
The results of the GSEA showed that the P53, focal adhesion, and NOD-like receptor signaling pathways were the primary enriched pathways in the high-risk group of patients with NSCLC (adjusted p-value <0.05, Figure 7).
[image: Figure 7]FIGURE 7 | Primary KEGG pathways between the two risk groups according to GSEA. GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes.
DNA methylation, TMB, and copy number variation analyses
The DNA methylation levels of the eight prognostic genes were not significantly different between the two risk groups (Supplementary Figure S1). Mutation analysis revealed that TP53 and TTN were the most frequently mutated genes in both risk groups of LUAD (Figures 8A,B) and LUSC (Figures 8C,D). The high-risk group had a higher TMB than the low-risk group in NSCLC (p = 0.034, Figure 8E), and Spearman’s rank correlation analysis showed the positive correlation of TMB with risk score (rho = 0.12 and p < 0.001; Figure 8F). The Kaplan–Meier survival curve showed that the OS probability was lower in the high-risk score + high TMB group than in the low-risk score + low TMB group (p < 0.001, Figure 8G). Copy number variations were significantly increased in FASTKD3, MBNL2, INTS7, IGF2BP1, and MRPL15, and they were significantly decreased in NRPB, ZC3H12C, and SMAD9 (Figure 8H). The positions of the prognostic genes in the chromosome are illustrated in Figure 8I.
[image: Figure 8]FIGURE 8 | Gene mutation and copy number variation. (A,B) Gene mutation frequencies in the low-risk and high-risk groups of LUAD. (C,D) Gene mutation frequencies in the low-risk and high-risk groups of LUSC. (E,F) Correlation of the risk score with TMB. (G) Kaplan–Meier survival curve between the high-risk score + high TMB group and the low-risk score + low TMB group. (H) Copy number variations of prognostic genes. (I) Positions of prognostic genes in the chromosome. LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; TMB, tumor mutational burden. Data are presented as the median (interquartile range). *p < 0.05.
Immune infiltration analysis
Because the stromal score (p < 0.001), immune score (p < 0.01), and estimate score (p < 0.001) were all increased in the high-risk group compared to the low-risk group (Figure 9B), the correlations of immune cell with risk score were evaluated. The boxplot showed that the high-risk group had increased activated memory CD4+ T cells (p < 0.001), resting natural killer (NK) cells (p < 0.001), M0 and M1 macrophages (p < 0.01), neutrophils (p < 0.01), reduced memory B cells (p < 0.001), follicular helper T cells (p < 0.001), regulatory T (Treg) cells (p < 0.01), monocytes (p < 0.05), resting dendritic cells (p < 0.05), and resting mast cells (p < 0.05) compared to the low-risk group (Figure 9A). The risk score was positively correlated with activated memory CD4+ T cells (rho = 0.16; p < 0.001), resting NK cells (rho = 0.11; p < 0.001), M1 macrophages (rho = 0.16; p < 0.01), and neutrophils (rho = 0.12; p < 0.01) (Figures 9C–F), and it was negatively correlated with memory B cells (rho = –0.15; p < 0.001), follicular helper T cells (rho = –0.13; p < 0.001), Treg cells (rho = –0.12; p < 0.01), and monocytes (rho = –0.1; p = 0.004) (Figures 9G–J). In addition, the relative expression levels of PD1 (p = 0.015) and CTLA4 (p = 0.042) were higher in the high-risk group than the low-risk group (Figures 9K,L). However, the relative expression levels of PDL1 were not significantly different between the two risk groups (p = 0.087, Figure 9M).
[image: Figure 9]FIGURE 9 | Correlations of the risk score with immune infiltration. (A) Comparison of the different immune infiltration profiles between the two risk groups. (B) TME scores of the two risk groups. A positive correlation with the risk score was observed for (C) activated memory CD4+ T cells, (D) resting NK cells, (E) M1 macrophages, and (F) neutrophils. A negative correlation with the risk score was observed for (G) memory B cells, (H) follicular helper T cells, (I) Treg cells, and (J) monocytes. (K–M) Relative expression levels of PD1, CTLA4, and PDL1 in the two risk groups. Data are presented as the median (interquartile range). CTLA4, cytotoxic T-lymphocyte-associated protein 4; NK, natural killer; PD1, programmed cell death one; PDL1, programmed cell death one ligand 1; TME, tumor microenvironment; ns, no significance; *p < 0.05; **p < 0.01; ***p < 0.001.
Sensitivity of chemotherapy drugs
To further explore the clinical value of the prognostic signature, the sensitivity of nine chemotherapy drugs was analyzed and compared between the two risk groups in NSCLC. The results showed that the IC50 values of dasatinib, docetaxel, erlotinib, gemcitabine, paclitaxel, parthenolide, and shikonin were lower in the high-risk group than those in the low-risk group (p < 0.001, Figures 10A–G), whereas the IC50 values of axitinib and metformin were lower in the low-risk group than those in the high-risk group (p < 0.001, Figures 10H,I).
[image: Figure 10]FIGURE 10 | Correlation of the risk score with chemotherapy sensitivity. (A) Dasatinib. (B) Docetaxel. (C) Erlotinib. (D) Gemcitabine. (E) Paclitaxel. (F) Parthenolide. (G) Shikonin. (H) Axitinib. (I) Metformin. Data are presented as the median (interquartile range). IC50, half inhibitory concentration; ***p < 0.001.
Quantitative PCR validation
The mRNA expression levels of FASTKD3 (p = 0.013), IGF2BP1 (p = 0.026), MRPL15 (p < 0.001), SNRPB (p = 0.005), and INTS7 (p = 0.027) were higher in tumor tissues than in control tissues (Figures 11A–E); however, the mRNA expression levels of MBNL2 (p = 0.015), SMAD9 (p < 0.001), and ZC3H12C (p < 0.001) were decreased in tumor tissues compared to control tissues (Figures 11F–H).
[image: Figure 11]FIGURE 11 | Validation of the relative expression levels of (A) FASTKD3, (B) IGF2BP1, (C) MRPL15, (D) SNRPB, (E) INTS7, (F) MBNL2, (G) SMAD9, and (H) ZC3H12C in lung tissues by qPCR. Data are presented as the median (interquartile range). NSCLC, non-small cell lung cancer; *p < 0.05; **p < 0.01; ***p < 0.001.
DISCUSSION
In the present study, an RBP-related signature was successfully constructed to predict prognosis. The increased risk score was associated with more advanced tumor stages and lower OS probability. The risk score was an independent prognostic factor for NSCLC when adjusted for age and UICC stage. Moreover, the constructed nomogram better predicted prognosis. In addition, the high-risk group had increased immune infiltration, upregulated relative expression levels of PD1 and CTLA4, higher TMB, and lower IC50 of chemotherapy drugs than the low-risk group.
KEGG pathway analysis was performed to explore the underlying molecular mechanisms of RBPs in NSCLC. Previous studies have demonstrated that the mRNA surveillance pathway is involved in the initiation and progression of cancer (Long et al., 2017; Popp and Maquat, 2018; Zhang et al., 2019a), which was confirmed in NSCLC in the present study. In addition, the present study showed that ribosome biogenesis in eukaryotes played an important role in NSCLC. RPL15, a large ribosomal subunit protein, is significantly upregulated in human cancer tissues and cultured cell lines, and it is closely correlated with clinicopathological characteristics (Dong et al., 2019). Interestingly, the present study demonstrated that influenza A was correlated with NSCLC. A previous study has reported that exposure to the influenza virus is associated with an increased risk of lung cancer and that the risk increases with cumulative exposure to influenza (Weng et al., 2019). Thus, the annual influenza vaccination administration may reduce the incidence of lung cancer in patients with COPD (Chen et al., 2019). However, the precise molecular mechanisms need to be further explored in future studies.
The molecular mechanisms through which these RBPs contribute to the pathogenesis of cancer remain poorly understood. IGF2BP1 has been shown to function as an oncogene in multiple cancers (Ohdaira et al., 2012; Huang et al., 2020a; Glaß et al., 2020). Low IGF2BP1 expression inhibits cell proliferation and migration but induces cell cycle arrest and apoptosis in NSCLC, and it correlates with a good prognosis (Huang et al., 2019; Huang et al., 2020b; Zhang et al., 2020). MRPL15 is associated with the progression of LUAD (Deng et al., 2020). SMAD9 is involved in the progression of NSCLC by miR-744 delivered by cancer-derived extracellular vehicles (Gao et al., 2021). Moreover, SMAD9 mRNA expression is decreased in LUAD, which is correlated with worse OS (Dai et al., 2020). SNRPB promotes tumor cell proliferation and stemness by mediating RNA splicing (Zhan et al., 2020). In NSCLC, SNRPB facilitates tumorigenesis via regulation of RAB26 expression, and it is correlated with prognosis (Liu et al., 2019). MBNL2 inhibits tumor growth and metastasis (Lee et al., 2016; Zhang et al., 2019b). MBNL2 controls lung cancer cell responses to hypoxia by regulating the expression and alternative splicing of hypoxia-induced genes (Fischer et al., 2020). However, there are few reports on FASTKD3 and ZC3H12C involved in cancer. The results of the present study showed that the relative expression levels of FASTKD3, IGF2BP1, MRPL15, SNRPB, and INTS7 were higher in NSCLC tissues than those in control tissues but that the relative expression levels of MBNL2, SMAD9, and ZC3H12C were reduced in NSCLC tissues compared to those in control tissues.
The prognostic RBP-related signatures have been constructed in LUAD (Meng et al., 2020; Yang et al., 2021) and LUSC (Li et al., 2020a; Zhao et al., 2021). However, the constructed RBP-related signatures for LUAD and LUSC only use simple bioinformatics analysis and lack experimental validation, and each signature is suitable for only one type of NSCLC. Thus, a prognostic RBP-related signature should be generated and validated for NSCLC. In the present study, a prognostic RBP-related signature was successfully constructed using LASSO regression analysis rather than multivariable Cox regression analysis based on eight RBPs that were validated using qPCR, which minimized the risk of overfitting among the signature and increased the reliability of the signature. Thus, the present signature was superior to the previously reported prognostic signatures for LUAD (Meng et al., 2020; Yang et al., 2021) and LUSC (Li et al., 2020a; Zhao et al., 2021). Kaplan–Meier survival analysis showed that the present signature predicted prognosis and discriminated against different risk groups. The risk score was positively correlated with tumor progression, including UICC stages, T stages, and N stages. However, there was no correlation between the risk score and M stages, which may have been due to an insufficient sample size in the M1 stage. Moreover, the risk score was an independent prognostic factor for NSCLC, according to multivariate Cox regression analysis. Thus, the risk score was associated with the progression and prognosis of NSCLC. Finally, the prognostic RBP-related signature was validated using four GEO datasets, which demonstrated that the prognostic signature was not restricted by different sequencing techniques and platforms. Previous studies have shown that a nomogram better predicts disease prognosis due to its multidimensional parameters (Huang et al., 2022; Luo et al., 2022). Thus, a nomogram was constructed in the present study to predict the 1-, 3-, and 5-year OS probability in NSCLC, and calibration plots of the nomogram showed high predictive accuracy.
The underlying molecular mechanisms between the two risk groups were investigated using GSEA. The pathways were mainly enriched in the P53 signaling pathway and NOD-like receptor signaling pathway. As a canonical tumor suppressor, P53 plays an important role in cancer (Yoshida and Miki, 2010; Timofeev et al., 2020). Mutant and wild-type P53 may exert different functions on cancer (Yoshida and Miki, 2010; Muller and Vousden, 2014; Timofeev et al., 2020). P53 is a frequently mutated gene in lung cancer (Oduah and Grossman, 2020), which was also confirmed using mutation analysis in the present study. The mutant P53 promotes tumor progression by binding to and upregulating chromatin regulatory genes, such as MLL1 and MLL2, leading to genome-wide increases in histone methylation and acetylation (Zhu et al., 2015). Moreover, the mutant P53 accelerates the recycling of integrin beta1 and EGFR to exert its oncogenic function (Muller et al., 2009). Dysregulated TMB is correlated with the prognosis of cancer (Cao et al., 2022; Zhou and Gao, 2022). In the present study, the high-risk group had a higher TMB, and patients in the high-risk group with high TMB had a worse probability. In addition, activation of the NLR family pyrin domain containing 3 (NLRP3) inflammasome enhances the proliferation and migration of A549 cells (Wang et al., 2016). Tumor-derived exosomal TRIM59 induces the tumor-promoting function of macrophages to activate the NLRP3 inflammasome signaling pathway, thereby promoting lung cancer progression (Liang et al., 2020b). Thus, inhibiting NLRP3 inflammasome activation may suppress cancer cell proliferation and metastasis in NSCLC (Zou et al., 2018). Nucleotide-binding and oligomerization domain-containing protein 2 (NOD2) deficiency confer a protumorigenic macrophage phenotype to promote LUAD progression (Wang et al., 2021). Therefore, P53 mutation and the NOD-like receptor signaling pathway may play a critical role in disease progression and worse OS probability in the high-risk group.
Immune cells are an important part of the TME, and they play a critical role in tumor development (Bindea et al., 2013). In lung cancer, macrophages stimulate tumor angiogenesis and promote cancer cell invasion, migration, and intravasation (Qian and Pollard, 2010). Tumor-associated macrophages are significantly associated with angiogenesis and a poor prognosis in NSCLC (Montuenga and Pio, 2007; Li et al., 2020e). Neutrophils in peripheral blood are effective diagnostic biomarkers for lung cancer (Zhu et al., 2020). Increased neutrophils are associated with a worse prognosis in bronchoalveolar carcinoma (Bellocq et al., 1998). A high percentage of CD4+ tumor-infiltrating lymphocytes in the tumor stroma is correlated with a worse prognosis (Giatromanolaki et al., 2021). In the present study, increased M0 macrophages, M1 macrophages, neutrophils, and activated memory CD4+ T cells were found in the high-risk group. The worse OS probability in the high-risk group may be attributed to increased immune infiltration, indicating that the high-risk group may have a better immunotherapy response. Therefore, the correlations of risk scores with the relative expression levels of immune checkpoint inhibitors (PD1, PDL1, and CTLA4) were evaluated to further explore their association with immunotherapy because immune checkpoint inhibitors (ICI) are becoming standard in the first-line treatment of advanced NSCLC (Garon et al., 2015; Reck et al., 2016; Gandhi et al., 2018). The results showed that the high-risk group had higher relative expression levels of PD1 and CTLA4, suggesting that patients in the high-risk group may benefit more from ICIs against PD1 and CTLA4. In addition to immunotherapy, the correlations of risk scores with chemotherapeutic drugs were also explored. The results demonstrated that the high-risk group was more sensitive to seven chemotherapy drugs and that the low-risk group was more sensitive to two chemotherapy drugs. Thus, the prognostic signature may be applied to guide individualized chemotherapy choices.
The present study had several advantages. First, the signature was constructed using LASSO regression analysis, which minimized the risk of overfitting among the signature. Second, the present study established a promising prognostic RBP-related signature to evaluate patient prognosis, and we performed comprehensive bioinformatics analysis, including correlation of the risk score with clinical characteristics, methylation levels, TMB, copy number variation, immune infiltration, and chemotherapy response, as well as GSEA between the two risk groups, which have not been performed in previous RBP-related signatures for LUAD (Meng et al., 2020; Yang et al., 2021) and LUSC (Li et al., 2020a; Zhao et al., 2021). Third, the previously constructed RBP-related signatures lack experimental validation, but the dysregulated genes in the present prognostic signature were validated using qPCR in another independent cohort. Fourth, the prognostic RBP-related signature was validated using four GEO databases. Last, the present RBP-related signature was generated for all NSCLC cohorts rather than one subgroup of NSCLC. Nevertheless, the present study had several limitations. First, the results of the present study were based on bioinformatics analyses of public databases, which need to be validated in multicentric, prospective clinical studies. Second, Kaplan–Meier survival curve analysis could not be performed using our samples due to insufficient sample size and lack of follow-up data. Last, the present study did not perform in vivo and vitro experiments to explore the function of RBPs and prognostic signatures. Thus, further studies are required to clarify the molecular mechanism of RBPs in NSCLC.
CONCLUSION
A prognostic RBP-related signature was successfully constructed based on eight RBPs using LASSO regression analysis. The risk score was associated with progression of disease and OS probability, and it was an independent prognostic factor for NSCLC. Moreover, the high-risk group had increased immune infiltration, upregulated relative expression levels of PD1 and CTLA4, higher gene mutation frequency, higher TMB, and better chemotherapy response. Therefore, an RBP-related signature was successfully constructed to predict prognosis in NSCLC, which may function as a reference for individualized therapy, including immunotherapy and chemotherapy.
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N7-methylguanosine (m7G) modification on internal RNA positions plays a vital role in several biological processes. Recent research shows m7G modification is associated with multiple cancers. However, in hepatocellular carcinoma (HCC), its implications remain to be determined. In this place, we need to interrogate the mRNA patterns for 29 key regulators of m7G RNA modification and assess their prognostic value in HCC. Initial, the details from The Cancer Genome Atlas (TCGA) database concerning transcribed gene data and clinical information of HCC patients were inspected systematically. Second, according to the mRNA profiles of 29 m7G RNA methylation regulators, two clusters (named 1 and 2, respectively) were identified by consensus clustering. Furthermore, robust risk signature for seven m7G RNA modification regulators was constructed. Last, we used the Gene Expression Omnibus (GEO) dataset to validate the prognostic associations of the seven-gene risk signature. We figured out that 24/29 key regulators of m7G RNA modification varied remarkably in their grades of expression between the HCC and the adjacent tumor control tissues. Cluster one compared with cluster two had a substandard prognosis and was also positively correlated with T classification (T), pathological stage, and vital status (fustat) significantly. Consensus clustering results suggested the expression pattern of m7G RNA modification regulators was correlated with the malignancy of HCC strongly. In addition, cluster one was extensively enriched in metabolic-related pathways. Seven optimal genes (METTL1, WDR4, NSUN2, EIF4E, EIF4E2, NCBP1, and NCBP2) were selected to establish the risk model for HCC. Indicating by further analyses and validation, the prognostic model has fine anticipating command and this probability signature might be a self supporting presage factor for HCC. Finally, a new prognostic nomogram based on age, gender, pathological stage, histological grade, and prospects were established to forecast the prognosis of HCC patients accurately. In essence, we detected association of HCC severity and expression levels of m7G RNA modification regulators, and developed a risk score model for predicting prognosis of HCC patients’ progression.
Keywords: m7G, hepatocellular carcinoma, bioinformatics, prognosis, risk signature
INTRODUCTION
In 2020, the sixth most commonly diagnosed cancer is primary liver cancer (∼906,000 new cases) and the third global lethal cancer (∼830,000 deaths) (Sung et al., 2021). HCC comprised 75–85% of primary liver cancer cases (Sung et al., 2021). Epidemiological studies have shown that chronic infection with hepatitis B or C viruses, ingestion of aflatoxin-contaminated foods, excessive drinking, overweight, type II diabetes, and smoking are the main threats for HCC (Thomas London et al., 2018). At early stages, most diagnosed patients of HCC are firstly identified in an advanced stage because of symptomless nature of HCC which results in limited curative options and poor prediction for one or both intrahepatic and extrahepatic metastasis (Llovet et al., 2018). For advanced-stage cases of HCC, only 1/3 patients can benefit from chemotherapy by using one or multiple kinase inhibitors, and the regimen brings evident drug resistance or toxicity with long-term therapeusis, suggesting no effective treatment can effectively improve the outcome of HCC (Wang et al., 2021). Presently, TNM staging system (Tumor T, Node N, and metastases M) remains the most extensively used predictive index to monitor HCC progression. Whereas, HCC is most diversified; thus, the same TNM stage patients tended to show significant differences in survival outcomes and responses of treatment. Hence, a finer comprehension of HCC lying molecular mechanisms can enhance dissatisfying outcomes in patients and identify new and reliable molecular signatures for predicting prognosis.
N7-methylguanosine (m7G) methylation is a very frequent RNA modification, which recently has shown an important role in balancing gene expression in both prokaryotes and eukaryotes (Wang et al., 2012; Létoquart et al., 2014; Haag et al., 2015). The m7G modification is widespread in cells for engaging in different intracellular biological function, such as transcription elongation, pre-mRNA splicing, nuclear export and mRNA translation etc. m7G modification has comprehensive effects on tRNA and mRNA (in the cytoplasm, an m7G methyltransferase complex, METLL1-WDR4, mediated m7G modification of tRNAs and mRNAs, regulating pre-mRNA splicing, RNA export, stability, and translation), and rRNA (in nucleus, 18S rRNA m7G modification mediated by WBSCR22, thus, the evolution of rRNAs and biosynthesis of 40S ribosomal subunit were regulated) molecules posttranscriptionally, and are associated with many biological processes, including the occurrence and development of human diseases (Jonkhout et al., 2017; Enroth et al., 2019; Rong et al., 2021). In mammals, deficiency in m7G tRNA modification is associated with developmental diseases (Shaheen et al., 2015; Braun et al., 2018). In addition, m7G mRNA modification participate in the pathogenesis of multiple human cancers (Rong et al., 2021). METTL1, a m7G methyltransferase, is upregulated in tumor-bearing patients compared to healthy controls (Liu et al., 2019; Tian et al., 2019). m7G exhibits the potential to become a biomarker for some types of cancer (Rong et al., 2021). These results indicate m7G modification plays conclusive roles in many diseases, involving tumors. However, the relationship between m7G modulators and tumors’ progression remains unclear, and requires a great attention and in-depth research. Therefore, further understanding of the roles of m7G regulators in cancer development might provide an attractive perspective for cancer therapy (Rong et al., 2021).
The cause of poor prognosis of cancer is its special invasive biological characteristics, such as epithelial-mesenchymal transition (EMT), signaling transduction, cancer stem cell formation, tumor angiogenesis and cancer metabolism, etc. (Zhang et al., 2020) Researches, recently, have revealed that abnormal m7G RNA modifications play crucial part in cancer progression. For example, the hepatocarcinogenesis in vitro and hydrodynamic transfection HCC mouse models could be promoted by METTL1-dependent m7G tRNA modification (Chen Z. et al., 2021). m7G tRNA modification and METTL1 are raised in HCC and correlated with worsening prognosis (Chen Z. et al., 2021). Overexpression of METTL1 suppresses colon cancer (CC) cells proliferation, invasion, migration, and induces cell apoptosis in a m7G dependent manner (Liu et al., 2020). The overexpression of METTL1 increases chemosensitivity of CC cells to cisplatin, because within the carcinoma treating process, the chemoresistance regulating process was crucially affected by METTL1-mediated m7G (Liu et al., 2019). In vitro and in vivo, the EGFR pathway genes and the genes involved in cell-cycle were scrupulously regulated by METTL1-mediated m7G tRNA modification and thus promoted intrahepatic cholangiocarcinoma (ICC) progression (Dai et al., 2021). The elevation of METTL1 and WDR4 were reported to be related with worse prognosis of human lung cancer and intrahepatic cholangiocarcinoma negatively associated with patient (Ma et al., 2021; Orellana et al., 2021). Two kinds of m7G tRNA modifying enzymes, METTL1 and NSUN2, determine 5-Fluorouracil (a drug used in the treatment of cancer) sensitivity in human cancer cells (Okamoto et al., 2014). In summary, the malignancy of cancer can significantly be advanced by the deregulation of m7G modification. This describes clearly that m7G RNA modification has prognostic effects in HCC patients. According to a review for m7G (Tomikawa, 2018), 29 related genes were downloaded from the Gene Set Enrichment Analysis (GSEA) database for subsequent studies.
In this exploration, the transcriptomic data of HCC from The Cancer Genome Atlas (TCGA) dataset is used to evaluate the expression profiles of the 29 key regulators of m7G RNA modification. Furthermore, based on the expression patterns of m7G RNA modification regulators, HCC cases were classified into 2 clusters via consensus clustering, and these 2 clusters displayed outstandingly contrasting clinical consequences. Moreover, based on risk signature, a prognostic prediction model was established, which had approving value of prediction for HCC patients. In addition, the prognostic correlation of this risk indication was successfully verified in the Gene Expression Omnibus (GEO) database. Our work helps to elucidate the important roles of m7G modification regulators in tumors’ progression and signifies the prospect of the genetic expression signature of m7G regulators in predicting the prognosis of HCC, which will contribute to the providing of personalized prognosis of clinical outcomes and pointing out a new orientation for targeting drugs discovery in HCC patients.
MATERIALS AND METHODS
Data collection
The transcriptome data of RNA-seq and the relevant clinical information of HCC patients were acquired from TCGA (website: https://portal.gdc.cancer.gov/; until 10 February 2022). For further analysis, 374 HCC tissues and 50 normal adjacent tumor tissues were involved altogether.
Currently, 29 known genes, including METTL1, WDR4, NSUN2, DCP2, DCPS, NUDT10, NUDT11, NUDT16, NUDT3, NUDT4, NUDT4B, AGO2, CYFIP1, EIF4E, EIF4E1B, EIF4E2, EIF4E3, GEMIN5, LARP1, NCBP1, NCBP2, NCBP3, EIF3D, EIF4A1, EIF4G3, IFIT5, LSM1, NCBP2L, and SNUPN are recognized as the regulators of m 7G methylation. For subsequent analyses, the transcribed profiles of the 29 key regulators were recovered from the HCC cohort of the TCGA database. An irrelevant cohort (GSE54236) derived from the GEO (http://www.ncbi.nlm.nih.gov/geo) database and containing 78 HCC cases with relevant mRNA expression data and the survival information was used for external verification.
Bioinformatics analysis
Between the RNA composition of HCC samples and normal tissues, we screened the differentially expressed genes (DEGs) which encoded the m7G RNA methylation regulators at different levels via the use of the Wilcoxon test method in R software (version 4.1.0). False discovery rate (FDR), a more liberal criterion, was adopted together with absolute log2 fold change (FC) to determine the significance criteria (FDR <0.05, and FC > 1). Thereafter, we used a vioplot to show the 29 m7G-associated genes’ expression in 374 HCC and 50 control tissues. In order to survey the correlation between any two regulators of m7G RNA methylation, the Spearman correlation analyses were performed via R software.
To evaluate the association between the expression of m7G RNA methylation regulators and HCC prognosis, we used the “ConsensusClusterPlus” R package to cluster the HCC cohort into two distinct subgroups. Then, the principal component analysis (PCA) was performed via the “limma” and “ggplot2” packages to confirm the classification outcomes. A survival curve was constructed to contrast survival between clusters on the basis of the Kaplan-Meier analysis log-rank test. We applied the Chi-square test to determine the differences in clinical parameters between the 2 clusters. To functionally annotate the genes differentially expressed in the two subgroups, the Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed.
We used Univariate Cox regression analyses to evaluate the relationship between m7G-associated genes’ expression and overall survival (OS). Afterward, to keep away overflow, the least absolute shrinkage and selection operator (LASSO) Cox regression was performed to remove the high relevant genes by using the “glment” package. Ultimately, a risk signature of a seven-m7G-regulatory-gene was determined. In order to yield risk scores, we multiplied the gene expression and its coefficient acquired from the LASSO Cox regression. HCC cases were then allocated to the low-risk and high-risk groups by using median risk scores. By employing the “survival” package, the Kaplan-Meier analysis was executed to generate and analyze survival-time data. Receiver operating characteristic (ROC) curves were applied to inspect the prognostic accuracy of the predicted results derived from the model. The differences of clinicopathological variables between the low- and the high-risk groups were visualized by a heatmap and examined by Chi-square test. Moreover, as effective means, univariate and multivariate Cox regression analyses were performed to assess whether the risk scores were independent and appropriate prognostic indicators. To verify the prognostic value of th e seven-m7G-regulatory-gene risk signature, the GSE54236 dataset was applied as a validated cohort (Villa et al., 2016). Risk score of each patient was computed based on the formula described earlier. By applying the same cutoff criteria, all HCC patients were classified into low- and high-risk groups. Thereafter, the Kaplan-Meier analysis and the ROC curve analysis were respectively executed for evaluating the prognostic values.
Ultimately, a prognostic nomogram was established using clinical information (age, gender, histologic grade, and pathological stage) and risk scores to forecast 1-, 3-, and 5-years survival in HCC patients by the “rms” package.
From http://www.bioconductor.org, we acquired all of the aforementioned R packages.
The pipeline of the research was shown in Supplementary Figure S1.
Statistical analysis
For all statistical analyses, R software (version 4.1.0) was utilized. The significance of the threshold was p < 0.05.
RESULTS
Recognition of m7G RNA modification regulators expressed differentially in HCC
An analysis of 29 differential expressed m7G regulatory genes was performed in HCC (n = 374) and normal tissues (n = 50). The majority of m7G-associated genes (24/29) were expressed between HCC and adjacent tissues differentially showed by heatmap clearly (Figure 1A). Particularly, the levels of expressions for NUDT16, NSUN2, LSM1, AGO2, NCBP2, DCP2, GEMIN5, LARP1, NCBP3, EIF4A1, NCBP1, CYFIP1, EIF4G3, NUDT3, SNUPN, EIF4E2, METTL1, WDR4, and EIF3D in cancer tissues were significantly higher (all p < 0.001) than those in normal tissues. However, the higher expression levels of EIF4E3 and NUDT10 (both p < 0.001) were remarkably in normal tissues than those in tumor samples. No significant difference was found in DCPS, NUDT4B, EIF4E1B, IFIT5 and NCBP2L (all p > 0.05) (Figure 1B). Furthermore, we performed an association analysis to characterize further inherent connection among 29 m7G RNA modification regulators. As indicated in Figure 1C, the heatmap analysis showed that the connection between GEMIN5 and LARP1 was the most remarkable (r = 0.79). The most likely positive correlated expression level of GEMIN5 was with LARP1.
[image: Figure 1]FIGURE 1 | The levels of m7G modification regulators in hepatocellular carcinoma (HCC). (A)The heatmap shows the mRNA level of m7G RNA modification regulators in each sample. “N” represents normal sample, and “T” represents cancer sample. Green stands for low expressions, and red stands for high expressions. (B) The vioplot shows the differential regulators of m7G RNA modification in HCC. Blue stands for normal samples, and red stands for HCC samples. White spots indicate the median value of the expression. (C) Spearman correlation analyses of 29 m7G RNA modification regulators in HCC. ***p < 0.001.
Identify two clusters of HCC patients with different clinical outcomes by using consensus clustering based on m7G RNA modification regulators
We classified the patients into clusters based on the patterns of mRNA expression to explore additionally the HCC clinical importance of 29 m7G RNA modification regulators. k = 2 grant the best clustering as well as the HCC cohorts could be divided into two definite and nonoverlapping clusters according to the analogy of the m7G RNA modification regulators (Figures 2A–C). We further performed the clustering analysis using the principal component analysis (PCA) to corroborate clustered results. As can be seen from Figure 2D, the PCA plot unveiled distinct differences between two clusters. Afterward, significant differences between the two clusters in the OS and the clinical parameters were evaluated. Hence, the OS of cluster two was more preferable than that of cluster one in significant level (p < 0.01) (Figure 3B). In addition, most m7G RNA modification regulators in cluster one exhibited higher expression levels than that in cluster 2 (Figure 3A). In contrast to cluster 2, cluster one was associated with T classification (T), later pathological stage, and vital status (fustat) significantly (all p < 0.001). There were no significant differences in the degree of Nodal involvement, Metastasis, tumor grading, age, and gender (Figure 3A). Therefore, the final outcomes of consensus clustering proposed that the mRNA profile pattern of m7G RNA modification regulators is strongly related to the malignancy of HCC.
[image: Figure 2]FIGURE 2 | Consistent clustering analyses of the HCC. (A) The correlations between subgroups when the number of clusters is k = 2. (B) Cumulative distribution function (CDF) for k = 2–9 is displayed. (C) The relative variation of the area under the CDF curve of k = 2–9. (D) Principal component analysis of the RNA-seq data. Red dots stand for cluster 1, and cyan dots stand for cluster 2.
[image: Figure 3]FIGURE 3 | Differences between cluster one and cluster two in clinicopathological features and overall survival. (A) Heatmap and clinicopathological features of the two clusters. Green stands for low expressions, and red stands for high expressions. (B) Compare the overall survival (OS) distribution of cluster one and cluster 2. *p < 0.05, ***p < 0.001.
On the basis of biological processes, GO and KEGG analyses of the DEGs between two clusters were performed to explicate the clustered results. The outcomes of the GO analyses proposed that the up-regulated genes were enhancing metabolic-related biological processes, such as “small molecule catabolic process”, “carboxylic acid catabolic process”, “fatty acid metabolic process”, “organic acid catabolic process”, “organic acid biosynthetic process” and “carboxylic acid biosynthetic process” (Figures 4A,B). The KEGG analyses revealed that these up-regulated genes were adding to “Complement and coagulation cascades”, “Drug metabolism - cytochrome P450”, “Metabolism of xenobiotics by cytochrome P450”, “Retinol metabolism”, “Chemical carcinogenesis - DNA adducts” and “Bile secretion” pathways (Figures 4C,D).
[image: Figure 4]FIGURE 4 | Analyses of the differentially expressed genes between the two clusters by the Kyoto Encyclopedia of Genes and Genomes (KEEG) and Gene Ontology (GO). The highly expressed genes in cluster one were functionally annotated applying the GO terms (A,B) and KEGG pathway (C,D).
A prognostic risk model established on the basis of the mRNA level of m7G regulator genes
By performing a univariate Cox regression analysis on the mRNA levels of 29 key regulators, we specified a secure correlation between m7G RNA methylation regulators and the prognosis in HCC invalids. The results displayed those 14/29 regulators were outstandingly associated with OS (p < 0.05) (Figure 5A). The 14 regulators are all considered as risky genes with HR > 1. Thereafter, LASSO Cox regression analysis was applied to recognize the m7G RNA modification regulators possessing the best prognostic power (Figures 5B,C). Finally, seven effective genes (METTL1, WDR4, NSUN2, EIF4E, EIF4E2, NCBP1, and NCBP2) were selected to establish the risk model for HCC and also the corresponding coefficients calculated from the LASSO algorithm (Figure 5D). The risk score was calculated thus: RISK SCORE = (0.092 ∗ EXP value of METTL1) + (0.189 ∗ EXP value of NCBP2) + (0.193 ∗ EXP value of NCBP1) + (0.242 ∗ EXP value of NSUN2) + (0.320 ∗ EXP value of EIF4E2) + (0.362 ∗ EXP value of WDR4) + (0.693 ∗ EXP value of EIF4E). A ccording to the median risk score, HCC invalids were grouped as low-risk and high-risk to survey the prognostic function of the seven-gene signature model. Survival analysis showed that OS was worse in invalids with high-risk scores compared with low-risk scores (Figure 6A, p < 0.001). The 5-years OS rates of high-risk and low-risk group were 44.6% and 55.4%, respectively. Furthermore, ROC curve analyses were executed to estimate the area under the curve (AUC) of 0.788, 0.628, and 0.634 for the 1-, 3-, and 5-years OS, respectively. This showed eminent prognosticative power for survival results (Figure 6B). Besides, the distribution of risk scores for HCC invalids were also constructed (Figure 5E). For manifesting the survival status of each invalid, a dot pot was plotted (Figure 5F). The heatmap showed the mRNA levels of seven prognosticative genes in the groups of high-risk and low-risk (Figure 7A). Simultaneously, correlated clinical information was plotted above the heatmap. While contrasting the clinical parameters of the low-risk and high-risk groups, terms of T, stage, grade and vital status (fustat) were all significant at the 0.01 level.
[image: Figure 5]FIGURE 5 | The prognostic risk model established on basis of m7G RNA modification regulator genes. (A) Univariate Cox regression analyses of m7G RNA methylation regulators. (B–D) The process of constructing signatures applying least absolute shrinkage and selection operator (LASSO) Cox regression. (E) Distribution of risk scores of the patients in the prognostic model. (F) Distributions of survival status of the patients in the prognostic model.
[image: Figure 6]FIGURE 6 | Kaplan–Meier survival analysis of the prognostic model. Invalids in both datasets were divided into high-risk (red) and low-risk (blue) groups, applying the median risk score as the threshold. (A,B) In the TCGA cohort, the survival probability of the low-risk group was higher than that of the high-risk group (p < 0.001). The AUCs at 1-, 3-, and 5-years were 0.788, 0.628, and 0.634, respectively. (C,D) This prognostic model was verified in the GEO cohort. The survival probability of low-risk group was higher than that of high-risk group (p = 0.0002). The AUCs at 1 year, 2 years, and 3 years were 0.735, 0.699, and 0.73, respectively.
[image: Figure 7]FIGURE 7 | Effects of the risk score and the clinicopathological characteristics on the prognosis of invalids with HCC. (A) Heatmap manifests the distribution of clinicopathological characteristics and the expressions of seven m7G RNA modification regulators in high- and low-risk groups. (B) Univariate Cox regression analyses of the clinicopathological parameters and OS. (C) Multivariate Cox regression analyses of the clinicopathological parameters and OS. **p < 0.01, ***p < 0.001.
Verifying the prognostic signatures employing GEO database
The prognostic value of the signature of seven genes for the survival predictions can be assessed by validating them using the GEO microarray data (GSE54236) (Villa et al., 2016). In the GSE54236 cohort, a total of 78 patients with HCC were grouped in high- (n = 42) and low-risk (n = 36) based on the cutoff values of the TCGA cohort. Similarly, it was also showed by the survival analysis that the OS of HCC invalids in the low-risk group was significantly finer than in high-risk invalids (Figure 6C, p = 0.0002). The AUCs for the OS of 1-, 2-, and 3-years were 0.735, 0.699, and 0.73, respectively, stating that this prognostic model was able to better predict OS in HCC invalids clearly (Figure 6D). As no patients survived for more than 5 years, therefore, no 5-years ROC curve was constructed.
The seven-gene risk signature independently forecasts the prognosis of HCC invalids
Only 226 patients were acceptable to perform the Cox regression analysis after removing deficient clinical cases. Univariate analysis disclosed that the seven-gene risk score, T, and stage were notably correlated with the OS of HCC cases (Figure 7B, all p < 0.001). We also performed a multivariate Cox regression analysis, revealing that the risk score was independently linked with OS in HCC invalids (Figure 7C, p < 0.001). All such outcomes manifested the independent prognosis of the risk signature of the seven genes for gender, age, histological grade, and pathological stage. Thus, indicating that the risk signature of these seven genes was able to serve as an independent prognosis for the patients of HCC.
Prognostic nomogram established for HCC
For providing a quantitative method to estimate the survival rate, a refreshing prognostic nomogram (Figure 8) based on age, gender, risk score, histological grade, and pathological stage was established. The results stated clearly the nomogram was able to systematically forecast the 1, 3, and 5-years OS in HCC invalids.
[image: Figure 8]FIGURE 8 | Prognostic nomogram established via the combination with the clinicopathologic features and risk score.
DISCUSSION
Globally, HCC is one of the most common cancers. Although great progress has been made in the diagnosis, treatment, and prognosis of HCC, which still retains the third place in cancer mortality (Sung et al., 2021). At present, there are no productive diagnostic as well as therapeutic targets for HCC. There is unsatisfactory overall survival and challenging treatment such as difficulty in predicting the prognosis, difficulties in clinical decision-making, and clinical management of patients with HCC. Hence, the molecular mechanisms implicit in contributing to tumorigenesis of HCC are very crucial and necessary to clarify. Over the years, RNA m7G modification has attracted great interest as a novel dimensionality of transcription regulation. Nevertheless, the research of m7G modification in the tumor area is yet in its infancy. As a result of the extensive appliance of RNA-seq and microarray technologies, risk scoring system in the light of multiple gene signatures is progressively used to forecast prognosis for cancers oftentimes (Chen et al., 2007; Zhang et al., 2013; Wang et al., 2019). In current study, an effective prognostic signature model through the use of seven m7G RNA modification regulators was established. It is encouraging that the risk score calculated from the seven-gene model could forecast the prognostic value of HCC invalids independently. Consequently, the risk signature reported in this paper can help clinicians make precise personalized survival prediction.
The prognostic model indicated all the seven m7G-related genes (METTL1, NCBP2, NCBP1, NSUN2, EIF4E2, WDR4, and EIF4E) might exert a stimulative effect on HCC. Tian et al. reported that METTL1 is upregulated in HCC and overexpressed METTL1 is linked to a poor prognosis of HCC (Tian et al., 2019). Overexpressed METTL1 induced oncogenic cell transformation and cancer (Orellana et al., 2021). METTL1-dependent m7G tRNA modification could promote hepatocarcinogenesis in vitro and hydrodynamic transfected in HCC mouse model, and METTL1 is raised in HCC and linked with worse prognosis (Chen Z. et al., 2021). METTL1-mediated m7G tRNA modification advances the progression of ICC (Dai et al., 2021). In lung cancer cases, METTL1 and WDR4 were both remarkably raised and had a negative correlation with invalids’ prognosis (Ma et al., 2021). The overexpression of METTL1 increases the chemotherapy sensitivity of CC cells to cisplatin, which is a common chemotherapy drug (Liu et al., 2019). METTL1 and NSUN2, determine 5-Fluorouracil sensitivity in human cancer cells (Okamoto et al., 2014). In function, METTL1 has not been shown to be associated with tumorigenesis, but it is in overexpression repeatedly (Orellana et al., 2021). In contrast, METTL1 is considered a latent tumor suppressor of colon cancer (Liu et al., 2020). Usually, METTL1 is considered as an oncogene. It plays an important role in cancerous cells’ growth and proliferation, invasion, and malignant phenotype transformation. Promisingly, METTL1 is a biomarker for the diagnosis and prognosis of HCC (Zhu L. R. et al., 2021). Despite being one of the most indispensable m7G-related genes, the overall relevance of METTL1 in cancer remains mostly unclear.
NCBP1 and NCBP2, both are the components of the nuclear cap-binding protein complex, and are essential for the processing and subcellular localization of capped RNAs. Silencing of NCBP1 reportedly results in reduced cell growth in HeLa cells (Gebhardt et al., 2015). A significant overexpression of NCBP1 was discovered in lung cancer tissues and NCBP1 promoted cancerous cells’ growth, wound healing capacity, migration, and epithelial-mesenchymal transition (Zhang et al., 2019). In the report of Zhu et al. (Zhu W. et al., 2021), an mRNA signature for prognosis prediction of liver cancer including seven mRNA was demonstrated, and most of all, like our model, NCBP2 was also included. Moreover, in their study (Zhu W. et al., 2021), the mRNA of NCBP2 in liver cancer tissues was also in significant upregulation (p < 0.0001) while in the comparison to normal tissues. In a meta-analysis of the molecular mechanisms of miR-193a-5p, it was found that NCBP2 was one key miR-193a-5p target gene, both of its mRNA and protein expression were significantly upregulated in lung cancer (Xie et al., 2018). In screening out the biomarkers related to chemoresistance of ovarian carcinomas, NCBP2 was selected as a potential key gene through the protein-protein interaction network analysis (Wei et al., 2015). For NCBP2 is one of the genes that is closely related to the prognosis of acute myeloid leukemia (AML), the risk score and nomogram results on pediatric AML research suggested that NCBP2 may be a risk factor for the malignant tumor (Zhang et al., 2022). These studies suggest that NCBP1 and NCBP2 are oncogenic proteins that significantly overexpressed or upregulated in cancerous tissues, as the same with our research, both of them were screened out as key genes.
WDR4, a member of the WD-repeat protein family, had been reported to play an important role in various kinds of malignant tumors (Zeng et al., 2021). In various malignant cancers, abnormal expression of WDR4 had been observed and was significantly implicated on overall survival outcomes. It is also strongly associated with tumor immunity. Furthermore, expression level of WDR4 could also be applied as one of the prognostic biomarkers of value for certain kinds of tumors (Zeng et al., 2021). Research showed the elevated WRD4 levels in cancer of liver could enhance m7G methylation levels remarkably and was also linked with the worse prognosis of HCC invalids (Xia et al., 2021). WDR4 is a necessary cofactor of METTL1, and coordinates with METTL1 transferring methyl groups to nucleic acids, proteins, lipids, etc., by forming a heterodimeric complex (Campeanu et al., 2021), also catalyzes m7G modification in tRNAs or rRNAs in eukaryotes (Jonkhout et al., 2017; Enroth et al., 2019; Rong et al., 2021). Reasonably, in our prognostic model, both METTL1 and WDR4 are included in seven key m7G-related genes. Mechanistically, WDR4 was identified as one kind of oncogenic protein, which regulates promyelocytic leukemia through ubiquitination negatively and promotes pulmonary tumor advance via cultivating a metastatic and immunological suppressive neoplastic microenvironment (Wang et al., 2017). The above studies testified that in the advancement of cancers, WDR4 acts as an oncoprotein, and can also be deemed as a treated target in prospect for live cancer. Therefore, as an important RNA m7G methyltransferase, WDR4 should be selected as a key gene in our prognostic model.
NSUN2 is not only the member of the m7G RNA modification system but also the m5C RNA member of an RNA methyltransferase, that has been proved to participate in tumorigenesis and progression of multiple cancers in an m5C-dependent manner (Chellamuthu and Gray, 2020; Hu et al., 2021). It has been revealed that NSUN2 is significantly involved in multiple biological functions, including cellular differentiation (Sajini et al., 2019), cellular proliferation (Xing et al., 2015), and cellular migration (Sun et al., 2019). It has been confirmed that the expression of NSUN2 in cancerous cells is higher than that in normal cells. Besides, NSUN2 promoted the proliferation and metastasis of tumor cells and the progression of gastric cancer (Hu et al., 2021) and breast cancer (Yi et al., 2017). Recently, Yan et al. reported that NSUN2 is an important intermediate element that was recruited to FOXC2 mRNA by FOXC2-AS1 (one kind of long noncoding RNA) to increase the m5C level of the mRNA and repress its degradation, thereby, elevating the expression of FOXC2-AS1 and advance TNM stage and shorten overall survival in gastric cancer patients (Yan et al., 2021). These studies showed that as one kind of RNA methyltransferase, NSUN2 could function through a variety of signaling pathways. However, the functional roles, overexpression mechanisms of NSUN2 and its relation between clinicopathological characteristics of tumor are still obscure. More importantly, the detailed biological functions and regulatory mechanisms of NSUN2 as a member of the m7G RNA modification system are still unclear.
EIF4E contributes to translation initiation, thus is the part to the eukaryotic translation initiation factor 4F (EIF4F) complex. Overexpression of eIF4E in invalids with liver cancer is associated with worse prognosis and high risk of recurrence (Jiang et al., 2016). Yang et al. reported it is through decreasing expression of EIF4E in HCC cells, that the up regulation of miR-503 prevented the proliferation of live cancer cells and increased chemosensitivity to a certain degree (Yang et al., 2017). Similarly, Zhang et al. reported it is via targeting EIF4E in HCC cells, that the inhibited miR-15a-5p promoted chemoresistance to pirarubicin (Zhang et al., 2021). Hence, targeting eIF4E may be an alternative treatment strategy for live cancer (Tan et al., 2018). It was shown that eIF4E level in colorectal cancer cell lines was higher than that in controls. Studies have also shown that high expression of eIF4E in invalids with colorectal cancer predict high risk of hepatic metastases and their related mechanism may be partly by the regulation of the levels of VEGF, cyclin D1, MMP-2, and MMP-9 (Xu et al., 2016). Li et al. discovered that the eIF4E levels in BRCA were higher than in controls, and invalids having elevated eIF4E level had lower survival and upper additive recurrence, hence they proved eIF4E level had prognosis significance for BRCA invalids (Li et al., 2021). In short, as an oncogene of several tumors, eIF4E can promote the transformation, carcinogenesis, metastasis, and chemoresistance (Pelletier et al., 2015).
EIF4E2 is an important paralog of EIF4E, suggesting that EIF4E2 acts by competing with EIF4E and block assembly of EIF4F at the cap, therefore, EIF4E2 was first characterized as a translation inhibitor. However, the pathway in which EIF4E2 participated was sensitized via hypoxia, which is a microenvironmental feature existing in numerous solid carcinomas (Uniacke et al., 2012). Furthermore, EIF4E2 is required for tumor progression, such as tumor growth in mouse xenografts (Uniacke et al., 2014). Among a variety of solid carcinomas, EIF4E2 is considered to be a valuable biomarker for distinguishing metastatic cancer from primary tumors (Ramaswamy et al., 2003). In the paper of Melanson et al., they considered eIF4E2 is like some drugs that prohibit standard translation thus, eIF4E might have the therapeutic potential in the treatment of hypoxic solid tumors (Melanson et al., 2017). Kelly et al. found it is via regulating EIF4E2 that the elevated cadherin-22 promotes the migration and invasion of cancerous cells (Kelly et al., 2018). To deepen our understanding of cancer progression, Evagelou et al. supported DDX28 as a tumor suppressor and prognostic marker through mechanistic insights into a negatively regulated hypoxic translation mediated by HIF-2α and eIF4E2 (Evagelou et al., 2020). The findings of Yang et al. showed the elevated EIF4E2 level was a distinct risk factor for prognosis of invalids with uveal melanoma, where EIF4E2 played a significant role in hypoxia related signaling pathway in the advancement of uveal melanoma (Yang et al., 2021). It was demonstrated that the phenotypic expressions of cancer genomes need to be translated through the hypoxia protein synthesis mechanism guided by eIF4E2 (Uniacke et al., 2014). These studies suggest that eIF4E2 can be related to the advancement of carcinoma and that may be an oncogenic protein that significantly overexpressed or upregulated in cancerous tissues, as the same with our research, was screened out as a key biomarker.
The results of this paper may suggest the dysregulation of m7G may play a significant role in the development of HCC. In the present study, heatmap (Figure 1A) exposed that many of such m7G associated genes (24/29) had differential expressions between HCC and controls. It should be noted that 22 of 29 m7G RNA methylation regulators were up-regulated in cancer tissues. On the contrary, only the levels of EIF4E3 and NUDT10 were down-regulated in HCC tissues. Osborne et al. demonstrated that EIF4E3 relies on the atypical mode of m7G cap recognition to act as a tumor suppressor (Osborne et al., 2013). The reduction of eIF4E3 in tumors of elevated eIF4E levels proposed that eIF4E3 identifies a related repressive mechanism in clinical disappearing into a few malignant tumors (Osborne et al., 2013). In addition, eIF4E3 level was significantly decreased in AML samples, while it was missing in HNSCC. Nevertheless, eIF4E1 expressions were considered to be extremely promoted in the two cases (Volpon et al., 2013). Considering the latent roles of eIF4E3 in inhibiting eIF4E1 functions, these carcinomas seem to be motivated through the increase of eIF4E1 carcinogenic activities and the deletion of eIF4E3 inhibitory activities (Volpon et al., 2013). Research by Kamdar et al. has shown that reduced level of NUDT10 may improve promoter methylation in prostate cancer by showing tumoral suppressive characteristics (Kamdar et al., 2019). Similar to our study, a recent study has been concluded that the expressions of NUDT10 mRNA and protein in gastric cancer samples were remarkably reduced than those in controls (Chen D. et al., 2021).
However, we even so admit that some restrictions of this research are worth mentioning. Initially, our data being obtained from TCGA and GEO data banks, and experimental evidences are also needed for the verification of all findings. Secondly, due to the deficiency of detected proteomic information, the differences of the protein expressions of m7G regulators had not been brought into bioinformatical analyses. Thirdly, the sample size differed distinctively between the cancer group and the control group, which affected the dependability of the outcomes. Fourth, certain clinical parameters related to HCC, such as alcohol consumption and, hepatitis virus DNA levels, were not considered. Ultimately, selection bias inevitably occurred, since the main patients studied are Americans and Italians. Consequently, our findings may not apply to every population.
In conclusion, we signified the prospect of the genetic expression signature of m7G modification regulators in predicting the prognosis of HCC. Our work has provided additional evidences for more investigation of m7G RNA modification in HCC. Meanwhile, METTL1, NCBP2, NCBP1, NSUN2, EIF4E2, WDR4, and EIF4E might be potential predictors and might have a prognostic value for HCC. What we found can provide personalized prognosis of clinical outcomes and point out a new orientation for targeting drugs discovery in HCC invalids. However, additional biochemical researches and functional experiments will be necessary to demonstrate our findings in the future.
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Epigenetic modifications are inherited differences in cellular phenotypes, such as cell gene expression alterations, that occur during somatic cell divisions (also, in rare circumstances, in germ line transmission), but no alterations to the DNA sequence are involved. Histone alterations, polycomb/trithorax associated proteins, short non-coding or short RNAs, long non—coding RNAs (lncRNAs), & DNA methylation are just a few biological processes involved in epigenetic events. These various modifications are intricately linked. The transcriptional potential of genes is closely conditioned by epigenetic control, which is crucial in normal growth and development. Epigenetic mechanisms transmit genomic adaptation to an environment, resulting in a specific phenotype. The purpose of this systematic review is to glance at the roles of Estrogen signalling, polycomb/trithorax associated proteins, DNA methylation in breast cancer progression, as well as epigenetic mechanisms in breast cancer therapy, with an emphasis on functionality, regulatory factors, therapeutic value, and future challenges.
Keywords: cancer, breast, epigenetics, estrogen, therapy
INTRODUCTION
The greatest serious hazard to women’s health in developed countries is breast cancer. Breast cancer is the most frequent cancer in women around the world (Bray et al., 2004; Chen et al., 2016) and distant metastasis is the major cause of poor survival (Gupta and Massague, 2006; Hanahan and Weinberg, 2011). The most common cause of death among breast cancer patients is metastasis. The molecular pathways that drive tumour cells to become metastatic have been thoroughly investigated, leading to major advances in prediction and treatment techniques. However, the significant high percentage of breast cancer related fatalities continues to be a major source of concern. As a result, elucidating novel metastasis-related molecular processes is critical for improving breast cancer therapy outcomes.
Since 2004, invasive breast cancer has been on the rise, in 2018, more than two million instances were reported around the world and more than 270,000 instances projected in the United States by 2020.
It is vital to completely understand the molecular pathways that enable breast cancer cell metastasis in order to create strategies to improve breast cancer patient survival and prognosis. Long non-coding RNAs (lncRNAs) have subsequently been revealed to play an important role promoting breast cancer metastasis through a variety of molecular pathways, albeit their exact functional characteristics have yet to be defined. Long noncoding RNAs (lncRNAs) have recently been linked to breast cancer metastasis in a number of studies (Bin et al., 2018; Klinge, 2018; Zhou et al., 2018; Arun and Spector, 2019; Tomar et al., 2020). Long noncoding RNAs are noncoding RNAs with a size of more than 200 nucleotides that have a role in a range of biological processes, particularly cancer cell invasion.
In transformed cells, epigenetic modifications include changes in DNA methylation, such as global hypomethylation or altered histone tail modification patterns, locus specific hypermethylation, as well as nucleosomal remodelling. DNA methylation is defined by Hinshelwood and Clark (Hinshelwood and Clark, 2008) (2008) as an enzyme-driven chemical modification to DNA sequence that happens most frequently at CpG dinucleotides among mammals.
DNA hypomethylation has been linked to gene reactivation and chromosomal instability, which can result in proto-oncogene overexpression, Imprinting loss, skewed or missing X-chromosomal inactivation, and increased recombination and mutation rates (De Smet et al., 2004). Gene suppression and genomic instability are connected to DNA hypermethylation as well as the suppression of tumour suppressor genes. In humans, PCDHB15 is a member of the cadherin superfamily of calcium-dependent cell-cell adhesion molecules that encodes for the PCDHB15 protein. CDH1 (also known as E-cadherin) and other cell adhesion molecules operate as epithelial-mesenchymal transition suppressors. In this CDH1 epigenetic silencing has been reported often in human cancer cases, including breast cancer (de Ruijter et al., 2020).
Another epigenetic process that can regulate gene expression by altering chromatin shape is post-translational histone tail modifications, which are linked to DNA methylation (Martin and Zhang, 2005; Baylin and Ohm, 2006). Furthermore, it has been demonstrated that several nucleosomal remodelling regulators are also engaged in DNA methylation and histone modification regulation (Esteller et al., 2000; Bird, 2002; Martin and Zhang, 2005; Baylin and Ohm, 2006). Understanding all of these epigenetic modifications and their role in breast carcinogenesis is critical for further advancements in breast cancer detection, prognosis, and treatment.
In the presence of the dinucleotide sequence CpG, DNA hypermethylation is a post-replication alteration that nearly exclusively affects cytosines’ pyrimidine ring (Pfeifer and Besaratinia, 2009). In mammalian genomes, the bulk of CpG dinucleotides (75%) are methylated. The quantity of 5-methylcytosine in 1% of all bases varied somewhat between tissue types. Repeating elements and transposons, which constitute roughly one-third of the human genome, include more than 90% of all methylation cytosines. Owing to the inherent carcinogenic potential of methylated cytosine residues, the proportion of Nucleotide bases in the genomes has been lowered over time, resulting in reduced number of CpGs than the quantitatively expected.
Cytosines that are methylated are more vulnerable to endogenous or exogenous mutagenesis mechanisms than other DNA bases, with CpG site mutation rates projected to be higher than other transitional mutations (Jones et al., 2008). Transitions from C to T at CpG dinucleotides account for almost a 1/3 of all known germ line and somatic and mutations, albeit the distribution varies depending on the tumour type (Lo and Sukumar, 2008). CpG islands are tiny DNA fragments (ranging in size from 200 base pairs to several kilo base pairs) found in 60% of all genes.
CpG islands that are ordinarily unmethylated in cancer cells may become methylated, potentially silencing critical genes such as tumour suppressor genes. At the same time, due to insufficient transcriptional regulation of typically silent genes like oncogenes or retrotransposons, CpG dinucleotides in other places can become unmethylated. DNA methylation silences tumour suppressor genes (TSGs) that govern tumor development, DNA repair genes, oestrogen receptor genes, or genes that regulate angiogenesis. Because transcription factors which interface with methylated DNA differ from those that interact with unmethylated DNA, DNA methylation has an impact on gene expression (Figure 1) Hypermethylation of promoter regions silences the gene, which is a critical step in carcinogenesis with substantial implications for cancer prevention.
[image: Figure 1]FIGURE 1 | Epigenetic Deregulation in Cancer. A vast number of epigenetic modifiers are mutated or activated inappropriately during cancer genesis. Simultaneously, epigenetic alterations such as DNA methylation, histone modifications, and microRNAs cause aberrant gene expression, resulting in genomic instability.
In human malignancies and primary tumours, some tumour suppressor genes and other malignant genes have been discovered to be hypermethylated (Frigola et al., 2006). Cell -cycle control, DNA repair, cell death, cellular maintenance, and invasion are among their physiologic functions. Table 1 shows the genes which are most commonly methylation in breast cancer. Epigenetic cancer research has taken on a new dimension with the finding of long-range gene silence induced by epigenetic alterations (Stransky et al., 2006). Long-range epigenetic silencing appears to be ubiquitous during carcinogenesis, according to a recent study that revealed transcriptional dysregulation that can be regulated by epigenetic processes (Stransky et al., 2006).
TABLE 1 | Breast cancer genes that are hypermethylated.
[image: Table 1]Epigenetically regulated genes in breast cancer
Several research have sought to investigate the role of hypermethylation of TSG genes’ promoters in breast cancer, as well as the relationship between methylation of certain CGIs in TSGs and a variety of breast cancer clinical states. Table 1 lists the most important hypermethylated genes implicated in breast cancer functions so far. Methylation of these TSG promoters is linked to cancer cells losing all TSG protein products and developing a malignant phenotype. This DNA hypermethylation is a reversible signal, possibly due to the activity of Demethylase, which reverses the reaction of DNA methyltransferase and is a strong contender to be one of its key partners in shaping genome methylation patterns (Strahl and Allis, 2000; Ito et al., 2002). As a result, many recent research has focused on a novel strategy to cancer treatment that aims to block DNA hypermethylation and/or re-expression of silenced TSGs.
To create the transcriptional regulatory platform, DNA is packed into chromatin, a highly structured and dynamic protein–DNA complex. Histone modifications and composition interact with the binding of a variety of nonhistone proteins to control open (euchromatin) and closed (heterochromatin) chromatin states. The nucleosome is chromatin’s most basic component, wrapping 146 bp of DNA around an octamer made up of four core histones, an H3/H4 tetramer, and two H2A/H2B dimers (Strahl and Allis, 2000; Ito et al., 2002). The importance of local chromatin architecture in the regulation of gene expression is now widely acknowledged. Posttranslational changes to the N terminal tails of histones have a big impact on chromatin architecture.
Methylation, acetylation, phosphorylation, ubiquitination, sumoylation, ADP ribosylation, deamination, and proline isomerization are all covalent alterations to core histones (Schubeler et al., 2004; Shilatifard, 2006). The discovery of multiple histone modifications with varied functions in gene regulation aided the identification of a regulatory histone code, that defines at least partially overall transcriptional possibilities of a gene or genomic region (Xu et al., 2009). Altering the N terminus histone tail, which affects nucleosome density and positioning, enables this packed, inaccessible DNA accessible to DNA binding proteins during gene transcription initiation (Ito et al., 2002). Each histone modification acts as a chromatin organisation signal. Histone acetylation (hyperacetylation) is associated with increased transcriptional activity, whereas hypoacetylation (hypoacetylation) is associated with gene repression (Forsberg and Bresnick, 2001; Wade, 2001). Transcription related Protein (, p53, p73, E2F1, STAT1, GATA1, HMGB1, YY1, and NFkB etc), hormone response (GR, ER, and AR), nuclear transporter (Importin7), WNT signalling (catenin), DNA repair (Ku70) and heat shock/chaperone reaction (HSP90) are examples of HDAC substrates (Bolden et al., 2006; Kim et al., 2006).
For a long time, it was considered that methylation cytosines on DNA and deacetylated histones were two separate processes that could regulate chromatin structure and gene expression independently (Turner, 2000; Roth et al., 2001). HDACs have been linked to Epigenetic modifications by methyl group associated protein like MeCP2, which may read methylated sites on DNA and attract HDACs to them, or by HDACs directly interacting with DNA methyltransferases (Lo and Sukumar, 2008) (DNMTs). (Robertson et al., 2000; Bachman et al., 2001). Histone H3 lysine nine gets acetylated in functional chromatin regions, but when a genes is silenced, it becomes methylated, creating a binding domain for hetero-chromatin protein1 (HP1) (Litt et al., 2001; Peters et al., 2002). When serine 10 is phosphorylated, another epigenetic change, phosphorylation, prevents lysine nine from becoming methylated (Rea et al., 2000). PolyADP ribosylation is another alteration. PolyADP ribosylation has really been reported to affect chromatin structure through two methods, either covalently, by establishing short chains of Adenosine Diphosphate ribose polymers to histone proteins, or non-covalently, thereby attracting histones to the extended and branching polymers.
Epigenetic mechanism in breast cancer therapy
Diagnostic and prognostic methods based on epigenetics play an important role in precision medicine. Precision oncology benefits substantially from epigenetics-based diagnostic and prognostic techniques. Numerous DNA methylation diagnostic tests, in particular, are now being tested in clinics or are already in use. Precision oncology efforts to address dysregulated epigenetic pathways resulted in the development of epidrugs, or drugs that target epigenetic modulators. The FDA has approved only nine epidrugs, many more are in clinical studies for solid and hematological tumours (NCT01928576, NCT03179943), including antagonists of DNA methyltransferases (DNMTs) (NCT03164057, NCT02717884), EZH2, IDH and HDAC.The phase II trials (NCT00676663 and NCT00828854) exploring the epidrugs’ effectiveness when used in conjunction with normal treatment in oestrogen receptor positive (ER+) breast cancer are significant, reflecting recent developments in the knowledge of the epigenetic process. Due to ER expression, over 80% of all affected individuals are classified as ER+, and over 90 percent of all these patients have a 5 year cumulative rate of survival. Endocrine-based therapies such as ER-blockade, oestrogen synthesis inhibition, and selective ER degradation are used to treat most ER + cancers since ER is the primary oncogenic driver (Zardo et al., 2003; Thomas and Potter, 2013).
Long non coding RNAs
LncRNAs are RNA molecules having a length of more than 200 nucleotides but no apparent protein-coding function. Over 10,000 lncRNAs have been identified in the human transcriptome, with their genes located inter- or intra-genes in the genome. However, only a few have been thoroughly described. RNA polymerase II transcribes LncRNA genes, which then go through 5′ capping, splicing, 3′ cleavage, and polyadenylation. LncRNA loci are comparable to those of protein-coding genes at the chromatin level, although they frequently lack introns or have one or two. Splicing matures lncRNAs in the same way that it matures pre-mRNAs. n general, lncRNAs are found in the nucleus, although they have also been found in the cytoplasm and exosomes, and their expression levels are often lower than those of coding genes. Many investigations have found that their expression differs depending on the cell type24. In compared to protein-coding genes, lncRNAs are under low selected pressure, but their selective pressure is stronger than genomic repeat sequences. When comparing the sequences of lnRNAs from different species, brief highly conserved sequences can be found, demonstrating that they have preserved information about their cellular location and structure during evolution (Shang et al., 2000; Métivier et al., 2003; Moore and Proudfoot, 2009; Derrien et al., 2012; Rinn and Chang, 2012).
Following is a description of the lncRNAs H19, TINCR, MALAT, and NEAT1 DANCR, whose aberrant expression is linked to the growth and metastasis of BC.
H19 LncRNA
It has been established that BC development and dysregulated long non-coding RNA H19 (H19) expression are related (Yang et al., 2016; Hu et al., 2018). Over 70% of BC tumours, including ER+ and ER-, HER2+ and HER2-positive tumours, have highly expressed H19 (Yang et al., 2016; Wang et al., 2018). This lncRNA has greater expression in BC for a number of usual mutational polymorphisms as well (Vennin et al., 2017; Wang et al., 2018). Apoptosis suppression and cell proliferation promotion are two biological reactions in which the Akt signalling pathway is involved (Yang et al., 2016). The maternal allele encodes H19, a 2.3-kb lncRNA that is regarded as an oncogene in several malignancies. At the H19/IGF2 locus, a novel lncRNA called 91H is being produced in the H19 antisense direction. In breast cancer, the 91H lncRNA is in charge of preserving the genomic imprinting of the H19/IGF2 locus by preventing histone and DNA methylation on the maternal allele (Hu et al., 2018; Wang et al., 2018). E2F1 stimulates H19, which aids the G1-S transition in breast cancer cells (Vennin et al., 2017). Through the activation of Akt, the miR-675 produced by H19 downregulates the c-Cb1 and Cb1-b proteins and activates EGFR and c-Met to encourage cell growth (Berteaux et al., 2005; Zhang et al., 2017) discovered that overexpression of the lncRNA MEG3 inhibits cancer growth in a mouse model of breast cancer by inhibiting Akt signalling, in addition to causing cell cycle arrest in the G0/G1 phase. (Chen et al., 2017). demonstrated that lncRNA PTENP1 restricts the growth of breast cancer cells by downregulating the MAPK and AKT signalling pathways.
TINCR lncRNA
In 2018 (Liu et al., 2018), it was found that TINCR lncRNA (TINCR) influences how primary BC tumours develop and how they spread later. In a certain study of 24 patients, the qPCR technique identified greater TINCR BC expression compared to non-BC participants. Additionally, SP1-zinc finger transcriptional factor, which normally identifies the Guanine Cytosine -rich sequences in promoter regions, causes greater TINCR activity (Liu et al., 2018).
MALAT lncRNA
Multiple BC types have abnormal expression of the lncRNA MALAT (MALAT), and this abnormal expression is associated with metastasis and a poor prognosis (Jadaliha et al., 2016; Wu et al., 2019). Further evidence suggests that high concentrations of 17- oestradiol can impede this lncRNA activity (Zhao et al., 2014). In a fascinating study, individuals with early post-BC-resection fever had higher MALAT levels (Li et al., 2018), which was associated with a worse prognosis. Additionally, MALAT deletion in mouse 4T1 xenografts markedly reduced inflammation and the lung metastases that are frequently observed in BC (Li et al., 2018).
NEAT1 lncRNA
NEAT1 is a crucial oncogene in cancer and has a big impact on BC’s ability to induce EMT (Lu et al., 2016). In a sample of 179 BC patients, abnormal NEAT1 activity influenced chemoresistance and cancer cell stemness, and it has been expressed 6.86 times greater in BC patients than that in 192 controls (Shin et al., 2019).
Estrogen subtypes and ER signalling pathways
Estrogen promotes a variety of developmental processes in the body, involving reproductive maturity and bone growth, as well as energy balance via glycaemic control, intake rate, and thermoregulation. Estrogen also regulates mammary gland development through coordinating mitogenic and epigenetic processes. Several chemicals, as well as naturally occurring substances like polyphenols, which serve as a hypermethylation agent, can reverse the epigenetic silencing of tumour suppressor genes (Mathur and Jha, 2020). .Estrone, 17-Estradiol,Estriol, Estetrol (i.e, E1,E2,E3,E4) & Estrone-sulfate are the five major oestrogen subtypes (E1s). E1 and E2, the body’s two major estrogens, are reversibly transformed to E2, the physiologically active variety. Only E3 and E4 are identified throughout pregnancy, with E3 being the most prevalent. Because steroid sulfatases convert it to its active metabolite, E1 and E2, in situ, E1s is largely employed as an oestrogen reservoir (Mukherjee et al., 2017).
Epigenetic mechanism underlying Erα signalling
Epigenetic mechanisms are involved in ER signalling. In response to E2 stimulation, multitudes of ER co-regulators are transported to chromosomes in a synchronised way to ensure appropriate transcriptional and repressive activity at ER target sites. Regardless of the fact that every ER molecule usually stays on the chromatin for few moments at most, ER has been observed cycling on and off the chromatin for minutes and hours after E2 stimulation (Djebali et al., 2012; Johnson and O’Malley, 2012; Paakinaho et al., 2017; Wils and Bijlsma, 2018; Zhang et al., 2020). PRMTs, the SWI/SNF complex, P300/CBP & the Mediator complex, as well as the p160 family of proteins, are all significant epigenetic ER coactivators. Members of the p160 family the co—activators i.e., SRC-1, SRC-2, and SRC-3, bind to ER directly and act as a recruiting platform for other activating enzymes and proteins to be recruited by ER to change chromatin, including chromatin remodelling complexes Breast cancer messes up epigenetic mechanisms that are essential for mammary gland development. The mammary gland’s balance self-renewal, and tissue integrity is regulated by a variety of signalling cascades and chromatin moderators, and also hormonal factors. Embryonic, pubertal, & reproductive stages are all three stages in the development of the mammary gland. WNT and Hedgehog (HH) signalling pathways coordinate embryonic mammary gland development, whereas hormones control pubertal and reproductive stages (Suzuki et al., 2008).
The reactivation of various developmental pathways, which would be a common characteristic of many malignancies, is connected to the longevity of a mammary gland stem population of cells in cancer patients (Xiang et al., 2013). Derailment of important epigenetic mechanisms during breast development currently plays an essential role in the pathogenesis of breast cancer, according to research conducted in the last few years with the introduction of technical breakthroughs like as next-generation sequencing. This article discusses how the functional relationship between epigenetic alterations and developmental signalling cascades contributes to breast cancer.
WNT signalling epigenetic modification in ER + breast cancer
WNT signalling abnormalities have been associated to the onset and progression of a variety of cancers, including breast cancer. Breast cancer is aided by epigenetic suppression of WNT antagonist genes such as SFRP and DKK37. Chronic WNT signalling in breast cancer, which is linked to a poor prognosis, is caused by the methylation of these genes, which silences them (Bell et al., 2019). As a result of these changes, catenin stays constitutively active, resulting in enhanced stem cell replacement and division, which has been linked to disease resurgence (Serrano-Gomez et al., 2016). One of the constituent of the DKK family, i.e DKK3 had significantly more promoter methylation in tumours from individuals with lymph node metastases, advanced stage disease, or breast cancer samples with positive ER status. status of mammary cancer samples.
The link between both the WNT & ER signalling pathways, particularly via Polycomb protein EZH231, it has been suggested that DKK’s involvement of WNT signalling activity can relate forward into the ER dependent pathway (and vice versa) to strengthen survival and growth with DKK3 promoter methylation being associated with positive ER status.5-azacytidine and trichostatin A, for example, have been shown to restore DKK3 expression in vitro (Figure 2). In the clinic, however, attempts to re-establish ER expression with hypomethylating medications have failed, EMT influences the polarisation of mammary cells, milk flow patterns, particularly during pregnancy and during wound healing, cell movements are important. Mediated by ZEB1, SNAIL, and TWIST, among other transcription factors (TFs). SNAIL, for example, activates the Methyltransferase DNMT1 and inhibits CDH1 through DNA methylation. Furthermore, TGF-induced EMT modulates SNAIL transcription reactivation via the H3K27me3 demethylase KDM6B. Increased levels of SNAIL and KDM6B have been associated to cancer recurrence, metastases, and poor flatline survival in invasive breast carcinomas (Beatson, 1896; Liu et al., 2006; Saez-Ayala et al., 2013; Hanker et al., 2020). As a result, one can expect that targeting H3K27me3 demethylases in combination with DNA hypomethylating medicines, which are prospective treatment targets in other solid tumours such as castration-resistant prostate cancer, could reduce recurrence (Liu et al., 2001).
[image: Figure 2]FIGURE 2 | Wnt Signalling Pathway: DKK3 binds to LRP, a WNT pathway coactivator of Frizzled, in normal mammary epithelial cells, preventing the pathway from being activated in the presence of the WNT ligand. In the absence of WNT activation, E-Cadherin binds to cytoplasmic -catenin, which is destroyed by GSK3. The DKK3 promoter, on the other hand, is hypermethylated in breast cancer, resulting in its downregulation. LRP can coactivate Frizzled in the presence of the WNT ligand in the absence of DKK3, resulting in phosphorylation of DSH, which prevents GSK3 from degrading -catenin.
Polycomb complexes and HH signalling
Epigenetic changes in breast cancer impair HH signalling, which is an important developmental pathway. Cancer progression is driven by increased ligand-dependent pathway activation and unregulated cell division (Early Breast Cancer Trialists’ Collaborative Group, 2005). Whenever the promoters of the SHH, HH Ligand, or its subsequent receptors, PTCH, is hypomethylated, the pathway is activated more ligand-dependently, resulting in uncontrolled cell division and cancer progression (Early Breast Cancer Trialists’ Collaborative Group, 2005). HH signalling also helps to promote normal and tumorigenic breast stem cells by boosting the production of PCGF4 (BMI1), a constituent of the PRC1 complex (Jeselsohn et al., 2015). Breast cancer stem cells have already been related to hormonal therapy resistance; however, it is unclear whether the appearance of stem cell like features in resistant cells is attributable to the multiplication of pre-existing highly specialised tumour cells or to epigenetic modifications that promote dynamic reprogramming (Jeselsohn et al., 2015).
According to the findings, combining medicines that directly block HH signalling with epigenetic modifiers like DNMTs to recover HH antagonistic control could alter cancer stem cell viability and differentiation. It has previously been reported on the utilisation of two-step approaches that combine several classes of medicines to trigger a process known as targeted phenotypic flipping to treat resilient melanoma cells to lineage-specific therapy (Razavi et al., 2018). WNT and Hedgehog signalling pathways are required for the development of embryonic mammary glands, and their activation must be carefully coordinated spatially and temporally (SHH). In healthy mammary epithelial cells, DKK3 binds to LRP, a Frizzled WNT pathway coactivator, preventing the route from becoming activated in the vicinity of the WNT ligand. E-Cadherin attaches to cytoplasmic -catenin in the lack of WNT activation, which is eliminated by GSK3.
The oncogenic E2-ER axis is the focus of endocrine treatment. The very first-time steroid hormonal signalling being linked to breast tumor progression when both ovaries were surgically removed from patients with breast cancer, resulting in tumour regression and pave the way for endocrine therapy (Hanker et al., 2020). Treatments that decrease estrogen synthesis as well as techniques that specifically target the estrogen receptor are used in hormonal therapy, which is really the benchmark for ER + breast cancer (ER). Selective oestrogen receptor degraders (SERDs), Selected Oestrogen Receptor Modulators (SERMs), and Aromatase Inhibitors are the three categories (AIs) (Fanning et al., 2016). In addition, next-generation ER targeting medications are presently being investigated in ER+/HER2 metastatic melanoma as adjuvant therapy or in combination with other therapy (Helleman et al., 2008).
Mechanisms Of endocrine therapy resistance, as well as possible alternatives
Considering the fact that the endocrine therapy is effective in the treatment of ER + breast cancer patients, resistance develops in around 25% of early-stage patients and virtually all metastatic patients, results in a poor clinical prognosis (Liu et al., 2006; Serrano-Gomez et al., 2016; Bell et al., 2019); (Jansen et al., 2005; Generali et al., 2006; Pontiggia et al., 2009). Resistance to endocrine therapy has been classified as either intrinsic or acquired. Patients with breast cancer frequently experience clonally distinct progression as a result of the selection of genetic changes under treatment (Folgiero et al., 2008).
Resistance mechanisms associated with the tumor microenvironment and the host
The tumour microenvironment’s role as a regulator of these pathways and contribution to endocrine responsiveness has recently been established. This theory has been supported by studies including gene expression studies and biomarkers linked to hormonal therapy outcomes (Encarnacion et al., 1993; Brinkman et al., 2010) as well as the more complex in vitro or in vivo existing experimental systems (Gutierrez et al., 2005). Endocrine resistance is linked to stromal cells (endothelial, fibroblasts and immune cells), structural features of the microenvironment and soluble substances (e.g., interleukins and growth factors) as well as other micro-environmental variables including hypoxia and acidity (Lopez-Tarruella and Schiff, 2007).
The role of tumorigenic cell pathways in modulating these microenvironmental and extracellular stimulus has previously been characterised (Munzone et al., 2006; Xia et al., 2006), inferring potential signalling components (e.g., SRC Kinase/integrin/FAK) that might be targeted to overcome endocrine resistance (Osborne et al., 2003; Shi et al., 2009). In addition, the list of other host genome–associated variables influencing endocrine sensitivity is rising as a consequence of new pharmacogenomic and high-throughput research.
Resistance mechanisms associated with tumors
However, as previously indicated, the most of pathways that may play a role in endocrine resistance originates in tumour cells. These pathways can be split into three categories, each of which has components and mechanisms that overlap.
The two different types of ER regulator are ER and ER coregulators. The first group includes the ER, with coregulators, as well as other factors that alter the normal ER activity and modify receptor functions in relation to endocrine therapy. In refractory endocrine cancers, reduction of ER synthesis (i.e., the ER isoform) culminates in an endocrine-insensitive phenotype, that is rare (Lavinsky et al., 1998; Shou et al., 2004; Musgrove and Sutherland, 2009). Treatments that block growth factor receptors pathways that are known for down regulation, ER can enhance ER expression and endocrine sensitivities both in experimental and clinical situations (Schiff et al., 2004; Levin and Pietras, 2008; Santen et al., 2009) Reduced endocrine responsiveness has also been associated to the expression of various ER splicing variation, specifically the recently found minor variance ER36 (Musgrove and Sutherland, 2009) and oestrogen-related receptors. Furthermore, statistics suggest that ER coregulators, whether negative (corepressors) or positive (coactivators), have a role in defining endocrine sensitivity and resistance by influencing the balance of agonistic vs. antagonistic SERM activity. Both in clinical and experimental contexts, dysregulation of a ER co-activator AIB1 (also abbreviated as SRC3 or NCoA3) has been associated to tamoxifen resilience (Span et al., 2003; Butt et al., 2005), while reduced expression of the co-repressor NCoR has been detected in tamoxifen-resistance experimental malignancies (Arpino et al., 2008). The ER as well as its coregulators are heavily influenced by posttranslational modifications. Growth factor receptor [e.g., FGFR (fibro-blast growth factor receptor, EGFR/HER2, and IGF1-R ) and other cellular and stress-related kinases [e.g.p42/44, JNK , AKT, and PKA (protein kinase A and p38 MAPKs ), PAK1] regulate several posttranslational modifications (p21-activated kinase). Ubiquitination, Methylation, Phosphorylation, and other posttranslational modifications of ER and its co-regulators have been identified to alter ER activity and susceptibility to various endocrine therapies (Chakraborty et al., 2010) Outside of the nucleus, ER interfaces with cytoplasmic and membrane signalling complexes to activate and regulate a variety of growth factor receptors as well as other cell - signalling cascades (Kern et al., 1994; Morgan et al., 2009; Shi et al., 2009; Spoerke et al., 2016).
Cell cycle signalling molecules
Molecules associated in cellular and biological responsiveness to endocrine therapy, such as cell growth inhibition and apoptosis induction, are included in endocrine resistance–related pathways. The majority of information on the participation of these pathways comes from preclinical investigations. Positive cell-cycle regulators, notably those directing G1 phase progression, and also negative cell cycle regulator, have both been demonstrated to disrupt and decrease endocrine therapy’s antiproliferative action, tends to result in resistance (Fribbens et al., 2016). Endocrine resistance is caused by overexpression of positive cell-cycle regulators MYC & cyclins E1 and D1, which activate cyclin-dependent kinases (CDKs) for G1 phase or reduce the inhibitory effects of negative cell-cycle regulators (p21 & p27) (Gates et al., 2018).
Growth factor receptor pathways
In the case that the ER system is effectively inhibited, the third set of regulatory mechanisms in endocrine resistance would comprise those that can provide alternate proliferation and migration inputs to tumours. Importantly, through bi-directional interactions and control of the ER, these mechanisms—such as growth factors and other cellular-kinase pathways—might be able to offset the inhibitory activity of endocrine therapy. Many of these pathways, on the otherhand, it might develop into ER-independent drivers of tumour development and survival, making patients susceptible to all kinds of endocrine therapy, either early or later on. It has been suggested that fibroblast growth factor (FGF), insulin/IGF1 receptors HER, tyrosine kinase receptors, and vascular endothelial growth-factor (VEGF) receptors are all involved (Harrod et al., 2017; Jeselsohn et al., 2018; Morel et al., 2020).
Alteration Of ESR1 And Genes Involved In Estrogen-Mediated Signalling.
The tumour cell’s reliance on ER for growth and survival is targeted by endocrine treatment. As a result, bypassing pharmacological inhibition relies on the accumulation of changes in the ER and its downstream targets. The main mechanism of resistance in most cases is ligand independent ER reactivation (Oronsky et al., 2014). Constitutive ER activation can be mediated by mutations in the ESR1 gene (which codes for ER) and is a major driver of acquired resistance. The majority of ER mutations occur in the LBD at two neighbouring amino acids: tyrosine at position 537 transformed to asparagine, cysteine, or serine (ERY537 N/C/S) and aspartic acid at position 538 altered to glycine (ERD538G). From a structural standpoint, these changes remain stable ER in an agonists configuration, resulting in constitutively active state (Oronsky et al., 2014). ESR1 mutations are detected in less than 1% of original tumours, however they are reported in 20–40% of tumours after endocrine therapy and have been associated to poor AI & tamoxifen efficacy (O’Neil et al., 2017; Zucchetti et al., 2019; Xu et al., 2020). The nearly complete detection of ESR1 alterations in hematologic malignancies after the AI therapy shows that under the constraints of endocrine treatment, uncommon, resistant clones can be selected.
Several studies have focused on establishing new therapeutic strategies for tumor tissues with ESR1 mutations in recent years. Continuous ER signalling encourages hormone independent development and thus is linked to a distinct transcription network involved in signaling pathways and metastasis as a result of this process (Fukumoto et al., 2018). Activating kinases, epigenetic modifying enzymes and ER co-regulators, are required for the development of ESR1 mutants (Fukumoto et al., 2018). .As a consequence, they could be employed to treat ESR1 mutant malignancies in the preclinical stage. Another type of genetic mutation discovered in metastatic ER + breast cancer is ESR1 gene fusion events, which are likely to represent novel resistance drivers. As a result of ESR1 chromosomal rearrangement occurrences, the ER’s LBD is replaced by another protein.
Endocrine-resistant breast cancer is caused by epigenetic factors
According to a whole-genome sequencing study, epigenetic factors are among the most commonly changed factors in human malignancies. The most frequent genetic modifications in many types of cancer are inactivating mutations as well as the loss of SNF/SWI subunits. In breast cancer, ARID1A impacts breast luminal lineage adherence and sensitivity to endocrine treatment.
Patients’ poor response to SERDs suggests that ARID1A loss-of-function mutations are more frequent in endocrine-resistant metastatic situations, implying that they can also cause endocrine resistance.
ARID1A deficiency affects chromatin accessibility and transcription factor binding, as well as the binding of ER and FOXA1 to chromatin, all of which influence luminal cell destiny.
According to Xu et al., long-term ER suppression could result in the generation of individuals with ARID1A inactivating mutation, promoting a luminal-to-basal phenotypic transition (Bitler et al., 2015). In the clinic, ER + tumours cured with endocrine therapy, reduce ER expression, by becoming resistant to hormone therapy. The increasing prevalence of ARID1A mutation in endocrine resistant breast cancer, including its prevalence in other cancers, highlights the need of treating ARID1A mutant tumours with targeted therapeutic strategies (Morel et al., 2020).
One of the therapy paradigms examined in ARID1A mutant cancers is synthesised lethality, which relates to the lethal consequence of simultaneous alteration of two genes which, when separately disrupted, do not impact cell viability (Morel et al., 2020). For example EZH2 suppression and ARID1A mutations are synthetically fatal in ovarian cancer, and HDAC2 inhibition amplifies this effect. In ARID1A defective cells, HDAC2 is attracted to EZH2/ARID1A co-target genes including such PIK3IP1, a PI3K/AKT signalling inhibitor, leading in incorrect stimulation of this mitogenic system (Shiino et al., 2016). These two processes, ARID1A loss of function and enhanced PI3K/AKT signalling, are typically detected in endocrine-resistant breast cancer cells (Shiino et al., 2016). As a consequence, one can believe that targets EZH2 in breast cancer patients with ARID1A mutations might be a promising treatment option.
Epigenetic avenues in the endocrine therapy
In the realm of endocrine therapy, there are a variety of epigenetic options. Despite the fact that endocrine and molecularly targeted have been shown to cure the great majority of breast cancers, they have failed to target a tiny percentage of the population, leading to recurrence and therapeutic resistance. Compounding variables like tumour genetic instability enables tumours to adapt to a range of stresses, including the selective pressure produced by therapeutic drugs, which we addressed previously. As a result, precise patient classification and personalised treatment approaches would be required to reduce the significant morbidity and mortality of individuals with ER + metastatic breast cancer (Shiino et al., 2016).
Tumorigenesis and medication resistance are both influenced by epigenetic instability. Epidrugs have primarily been used to treat haematological malignancies, with limited efficacy in solid tumors. The failure to treat solid tumours, on the other side, can be traced back to a one size fits all approach. Epigenetic reprogramming’s plasticity enhances cancerous cells’ overall fitness, making individualised cancer treatment much more challenging. According to multiple preclinical and clinical studies, epidrugs have synergistic benefits with a number of therapeutic methods, including immunotherapy, radiation, and endocrine therapy. One of the most notable areas of current drug discovery operations is the development of small compounds that target chromatin regulators (Shiino et al., 2016).
The majority of the studies focused on epigenetic changes that occur when cancer progresses and resistance develops. Small molecule HDACi blockers (vorinostat and entinostat ) and also DNA hypomethylating drugs (decitabine & 5-azacytidine) have been explored as re-sensitizing strategies to endocrine therapy in ER + preclinical models. The modes of action of DNMT inhibitors (DNMTs) have been proposed as de-methylation of tumour suppressor genes and an unique viral mimicking mechanism. Furthermore, in endocrine-resistant breast cancer, epigenetic dysregulation is a prevalent occurrence. For example, in roughly 20% of patients that continue through tamoxifen treatment, promoter hyper-methylation of ESR1 causes loss in ER expression (Shiino et al., 2016). In ER human breast cancer cells, letrozole (AI) and entinostat (HDACi) and can re-establish ER & aromatase expression, resulting in growth suppression.
CONCLUSION
New findings, as with all parts of science, produce new questions, and some of the most important unanswered questions like. Is it possible to use the dynamic nature of epigenetic modifications to develop short-term treatment techniques to avoid selection toward a resistant phenotype, or are epidrugs’ underlying processes contributing to resistance formation is possible to follow disease progression and therapy response using epigenetic markers. Endocrine therapy has been proven to be an important treatment option for hormone-responsive breast cancers. However, there is still an urgent need to develop strategies to combat the phenotype of resistance that appears to be unavoidable. Recent epidrug breakthroughs attest to the developing new era of epigenetic-based treatments for screening and treating a variety of disorders, including breast cancer.
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The acetylation status of histones located in both oncogenes and tumor suppressor genes modulate cancer hallmarks. In lung cancer, changes in the acetylation status are associated with increased cell proliferation, tumor growth, migration, invasion, and metastasis. Histone deacetylases (HDACs) are a group of enzymes that take part in the elimination of acetyl groups from histones. Thus, HDACs regulate the acetylation status of histones. Although several therapies are available to treat lung cancer, many of these fail because of the development of tumor resistance. One mechanism of tumor resistance is the aberrant expression of HDACs. Specific anti-cancer therapies modulate HDACs expression, resulting in chromatin remodeling and epigenetic modification of the expression of a variety of genes. Thus, HDACs are promising therapeutic targets to improve the response to anti-cancer treatments. Besides, natural compounds such as phytochemicals have potent antioxidant and chemopreventive activities. Some of these compounds modulate the deregulated activity of HDACs (e.g. curcumin, apigenin, EGCG, resveratrol, and quercetin). These phytochemicals have been shown to inhibit some of the cancer hallmarks through HDAC modulation. The present review discusses the epigenetic mechanisms by which HDACs contribute to carcinogenesis and resistance of lung cancer cells to anticancer therapies.
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1 INTRODUCTION
Lung cancer is the leading cause of death from cancer worldwide. The estimated rate is about 2.3 million new cases per year and 1.8 million deaths within the same year (Sung et al., 2021). Non-small cell lung cancer (NSCLC) accounts for 85% of cases, while small cell lung cancer (SCLC) accounts for the rest. Patients with advanced-stage NSCLC have a poor survival time, which is lower than 5 years. This is because of relapse and the development of resistance to cancer therapy (Friedlaender et al., 2020). On the other hand, SCLC has a survival rate of between 15–20 months, because of its aggressiveness and invasiveness. SCLC develops early metastases, responds poorly to conventional treatment, and relapses in most cases (Zhong et al., 2020).
Epigenetic alterations are among the factors that drive tumor progression. In particular, cancer cells show an altered acetylation profile. This modified profile plays an essential role in tumor progression and poor response to lung cancer therapies (Zito Marino et al., 2019). Histone deacetylases (HDACs) are enzymes that regulate chromatin remodeling. HDACs remove acetyl groups from acetylated histones, which are essential to forming a scaffold for encasing and condensing DNA in the cell nucleus. Of note, the term acetylation may also refer to other types of protein acetylation; for example, that occurring in the O-linked acetylation of threonine and serine (Narita et al., 2019). The present review alludes only to the acetylation occurring in the amino group located on the epsilon carbon of the lysine side chain.
HDACs not only can regulate the function of histones but also non-histone proteins. While histones support compaction and chromatin remodeling, non-histone proteins take part in the regulation of DNA replication and RNA synthesis. HDACs have multiple biological functions in health and disease because they regulate various cellular processes such as cell proliferation, cell cycle, survival, and apoptosis (Kelly and Cowley, 2013; Chen et al., 2015; Narita et al., 2019; Wang P. et al., 2020). HDACs are critical for the reactivation of epigenetically silenced tumor suppressor genes (Parbin et al., 2014). Cumulative evidence shows that aberrant expression or activation of HDACs promotes carcinogenesis and contributes to the development of resistance to lung cancer therapies (Damaskos et al., 2018). Hence, several groups have focused on the research of HDAC inhibitors, which have improved treatments against this deadly disease (Shanmugam et al., 2022).
Because HDACs are attractive targets for treating cancer, there has been a search for novel HDAC inhibitors like phytochemicals. Fruits, seeds, vegetables, and dietary supplements contain many phytochemicals. For example, curcumin, apigenin, EGCG, resveratrol, and quercetin are commonly found in the diet. These phytochemicals have several effects, such as being antioxidants, and chemopreventives and they inhibit tumor growth (To and Cho, 2021). Phytochemicals modulate the epigenome through various mechanisms including the lysine acetylation of histone and non-histone proteins. Also, the combination of standard treatments and certain phytochemicals has been shown to restore sensitivity to lung cancer therapies (Wright et al., 2017; Gao and Tollefsbol, 2018).
In this review, we describe recent advances in HDACs and their inhibitors for the development of more effective cancer therapies. Furthermore, we describe some regulatory mechanisms by HDACs, focusing on treatment resistance. In addition, we also review the role of cancer stem cells and related promoter cells of resistance in HDACs-mediated therapy. Finally, we discuss the role of phytochemicals as a possible therapy, which may be used in combination with standard treatment.
2 CLASSIFICATION AND FUNCTION OF HDACS IN LUNG CANCER
Histone deacetylases (HDACs) regulate chromatin remodeling by catalyzing the removal of acetyl groups from lysine residues in the histones. This process occurs when the chromatin is highly packed and is known as the heterochromatin state. This condition inhibits gene transcription (Li G. et al., 2020). There are 18 human HDACs enzymes, which are classified into four classes: Class I HDACs (HDACs 1, 2, 3, and 8); Class II, divided into two subgroups IIa (HDAC4, -5, -7, and -9) and IIb (HDAC-6 and -10); Class III, known as Sirtuins (SIRTs), consisting of SIRT 1-7 and Class IV with only HDAC-11 (Hu et al., 2000; Seto and Yoshida, 2014). Class I HDACs are commonly located in the nucleus, except for HDAC-3, which translocates to the cytoplasm. Class IIa and IIb HDACs can shuttle between the nucleus and cytoplasm. Class III SIRT 3, 4, and 5 localize in the mitochondria. SIRT6 and SIRT7 locate in the nucleus, and SIRT1 and 2 localize in the nucleus and cytoplasm. Class IV is only present in the cell nucleus (Schlumm et al., 2013; Guo et al., 2015; Chen et al., 2020).
Human HDACs are classified into two families based on their activity and structural homology. The zinc-dependent family consists of class I, IIa, IIb, and IV HDACs. Class, I HDACs -1, -2, -3, -4, -5, -7, and -8 have a catalytic domain and a nuclear localization signal (NLS) (Schuetz et al., 2008). Class IIa HDACs also have myocyte enhancer factor 2 (MEF2) and chaperone binding motifs (McKinsey et al., 2001). Class IIb HDAC-6 and -10 have leucine-rich motif-binding and ZnF-binding motifs (Tong et al., 2002; Milazzo et al., 2020). Class I HDAC-1 and HDAC-2 can form homo- and heterodimers whose catalytic domains or active cores localize within the deacetylase complex, which is required for protein deacetylation. The HDAC-1/HDAC-2 heterodimer recruits transcription factors, such as Sp1, Sp3, p53, NF-B, and YY1. This heterodimer binds to DNA through the formation of multiprotein corepressor complexes. Among the components are Sin3A, nucleosome remodeling deacetylase (NuRD), DNA -repressor of repressor element-1 silencing transcription factor (CoREST), and mitotic deacetylase (MiDAC). These complexes mediate HDAC-1/HDAC-2 phosphorylation and regulate cellular activation (Doetzlhofer et al., 1999; Grimes et al., 2000; Adams et al., 2018; Lee et al., 2021). The second HDAC family includes class III HDACs (SIRT1–7). Sirtuins require the NAD+ cofactor to be active and are structurally unrelated to the HDACs above mentioned (Borra et al., 2004; Spiegel et al., 2012).
Over the past decade, several groups have addressed the study of the structure and mechanisms of remodeling of HDACs. This research has led to the characterization of HDAC inhibitors, which are candidates for the development of more efficient anti-lung cancer therapies (see Figure 1). Here we describe some of these investigations chronologically to show how rapidly this field has developed. For starters, Nagathihalli et al. (2012) found that heavy smokers may develop a mesenchymal phenotype in lung cancer associated, which is associated with poor patient survival. In vitro analyzes showed that cigarette smoke condensate (CSC) promotes the depletion of epithelial markers such as E-cadherin and upregulates mesenchymal markers in lung cancer cell lines. HDAC-1 mediates the loss of E-cadherin expression by CSC, which increases the expression of T-cell factor -1 (LEF-1) and Slug. Conversely, the inhibitor of HDACs Entinostat (MS-275) restores the expression of E-cadherin and inhibits cell motility, migration, and invasion by acetylating histones H3 and H4 (Nagathihalli et al., 2012). Huang et al. reported in 2014 that the YCW1 inhibitor suppresses class I and II HDACs expression in vitro in lung cancer cells by acetylating histones H3 and H4 and tubulin (a non-histone protein). YCW1 induces cytotoxicity by activating the mitochondrial apoptotic pathway by overexpressing Bak and decreasing Bcl-XL protein expression. YCW1 suppresses invasion and metastasis through dephosphorylation of focal adhesion kinase (FAK). Also, the combination of YCW1 with cisplatin inhibits lung tumor growth in xenograft models due to a synergistic effect (Huang et al., 2014).
[image: Figure 1]FIGURE 1 | The different states of chromatin are epigenetically regulated by HDACs and HDAC inhibitors, which determine the transcriptional activation or silencing of genes involved in lung cancer development. Studies from 2012 to 2021 showing the role of HDACs and HDAC inhibitors in the development of therapies against lung cancer. Created with biorender.com CSC, cigarette smoke condensate; iHDACs (MS-275, YCW1, SNOH-3, VPA = Valproic acid, TSA = Trichostatin A, SAHA = Vorinostat), Ac, acetylation.[image: FX 1] Phosphorylation [image: FX 2]Acetylation [image: FX 3]Up-regulation [image: FX 4]Activation [image: FX 5]Inhibition [image: FX 6]Mechanism promoted by treatments
In patients with advanced lung cancer who have demonstrated resistance to paclitaxel treatment, tumor biopsies show high levels of HDAC-1 and a loss of p21 expression, which correlates with acquired resistance to treatment (Wang et al., 2016a). A study, published in 2016, showed that the inhibitor SNOH-3 ((2E)-N-hydroxy-3-{4-[(3-trifluoromethylphenylamino) sulfonyl] phenyl}-2-propenamide) inhibits the activity of HDAC-1 and restores sensitivity to paclitaxel in resistant lung tumor cells. The mechanism is based on the acetylation of histones H3 and H4 and the increased expression of the p21 molecule. SNOH-3 alone or in combination with paclitaxel promotes apoptosis by cleaving caspase-3 and PARP (poly-ADP-ribose polymerase 1) and decreases the expression of the anti-apoptotic proteins XIAP and survivin. SNOH-3 suppresses migration, invasion, and angiogenesis by inducing Kruppel Like Factor 4 (KLF4) expression, thus decreasing VEGF expression (Wang L. et al., 2016).
Sun et al. reported in 2018 that activation of Notch inhibits cell proliferation by activating the Notch fragments (ICN1, ICN2, ICN3, and ICN4) in SCLC. The authors found that valproic acid (VPA) and trichostatin A (TSA) decrease the expression of HDAC-4, restoring histone H4 acetylation. This in turn promotes Notch1 signaling and induces higher expression of somatostatin receptor 2 (SSTR2) and the Notch-directed genes HES1 and p21 (Sun et al., 2018). Besides, Zhu et al. showed that TSA and vorinostat (suberoylanilide hydroxamic acid, SAHA), both HDACs inhibitors, promote the expression of MICA/B, leading to activation of NK cells and tumor growth inhibition (Zhu et al., 2021).
Studies made in the last 5 years (2017–2021) have characterized HDAC inhibitors in lung cancer, using in vitro and in vivo assays. These studies have reported that HDAC inhibitors act against class I, II, and III HDACs. These HDACs act at several levels; for instance, they inhibit tumor cell proliferation and tumor growth. HDACs also sensitize to therapy against lung cancer. Currently, clinical trials for HDAC inhibitors in lung cancer are in phases I and II (See Table 1).
TABLE 1 | HDACs regulate the resistance to therapies in lung cancer.
[image: Table 1]On the other hand, posttranslational modifications of non-histone proteins are involved in the tumorigenesis of lung cancer. As components of epigenetic regulatory mechanisms, HDACs may also target non-histone proteins involved in several cellular processes (e.g., migration, invasion, and metastasis) (Harada et al., 2016). For instance, S100A6 (S100 Calcium Binding Protein A6) promotes cell proliferation and inhibits cell death in lung cancer through the deacetylation of p53; thus, p53 is inactivated (Li et al., 2019).
Modulation of non-histone proteins using HDACs may help against cancer. For example, quisinostat is an inhibitor of HDAC-6 in lung cancer. Quisinostat promotes high acetylation on H3 and H4 histones, as well as α-tubulin, a non-histone protein. This inhibitor increases the production of reactive oxygen species (ROS), promotes loss of mitochondrial membrane potential (ΔΨm), and induces apoptosis through an imbalance between pro- and anti-apoptotic proteins of the Bcl-2 family. Quisinostat also induces the activation of the p53 pathway by acetylation at K382/K373 sites, which increases the expression of p21(Waf1/Cip1), p27, p57, and cyclin D1 repression. All these events lead to cell cycle arrest in the transition of G1-to S-phases. Quisinostat inhibits cell migration and metastasis by suppressing the EMT phenotype, although the mechanism is not very clear (Bao et al., 2016).
Another report showed for the first time that HADC-7 has a function as an oncogene in lung cancer. Forty-four percent of lung cancer tumors exhibit high HDAC-7 expression, which correlates with poor prognosis in patients. High expression of HDAC-7 inactivates the non-histone protein STAT3 through its deacetylation. This promotes cell proliferation and inhibits apoptosis in lung cancer (Lei et al., 2017). Another study showed that acetylation of lysine residues at K185 and K201 sites of the C1 member of the aldo-keto reductase 1 family (AKR1C1) induces a pro-metastatic phenotype in NSCLC cells both in vivo and in vitro. The acetylation of AKR1C1 activates STAT3, which promotes metastasis. However, the physical interaction between SIRT2-and AKR1C1 represses the metastatic phenotype through deacetylation of AKR1C1. This process inhibits STAT3 expression (Zhu et al., 2021).
Tyrosine kinase inhibitors (TKIs) are commonly used to treat lung cancer. One of the targets for which they have been designed is anaplastic lymphoma kinase (ALK). ALK is a tyrosine kinase originally described in lymphoma that is aberrantly expressed in several tumors. In NSCLC, chromosomal rearrangements involving the ALK gene loci on chromosome 2 are in approximately 3–5 percent of NSCLC tumors. Although lung tumors harbor ALK rearrangements and may be sensitive to TKIs, they develop several mechanisms of resistance. These include the acquisition of a secondary mutation within the ALK tyrosine kinase domain, which is present in approximately one-third of resistant cases. The most common resistance mutation is the gatekeeper L1196M mutation, followed by the G1269A mutation. Other mutations occur at residues 1151, 1152, 1156, 1174, 1202, 1203, and 1206. The G1202R mutation confers resistance to crizotinib and second-generation ALK inhibitors (alectinib, brigatinib, ceritinib, and ensartinib) but is sensitive to lorlatinib (Katayama et al., 2012; Recondo et al., 2020; Takahashi et al., 2020).
The combination of HDACs with ALK inhibitors is an alternative for patients whose tumor develops resistance. Fukuda et al. (2019) showed that pretreatment with the HDAC inhibitor quisinostat downregulates the expression of miR-200c, leading to higher expression of ZEB1 and promoting tumor cell sensitivity to crizotinib. Stockhammer et al. (2020) found that the highly resistant PF240-PE tumor cells to crizotinib and alectinib became sensitive to these ALK inhibitors after treatment with vorinostat. Thus, combining therapies using TKIs and HDACs could be an option to increase the effectiveness, and response treatment to increase survival and disease-free survival in lung cancer patients.
3 MECHANISMS OF RESISTANCE TO THERAPY REGULATED BY HDACS IN LUNG CANCER
Despite advances in the development of new therapies against lung cancer, the development of resistance to treatment is a current problem that requires further research effort and investment. Several factors are implicated in tumor treatment resistance, including intratumoral heterogeneity, genetic instability, and phenotypic plasticity. Molecular and phenotypic changes within tumor cells favor clonal selection, leading to tumor progression. Genetic instability and tumor plasticity confer intrinsic resistance to therapy by inducing mutations, deletions, and amplifications. However, epigenetic changes also favor the development of resistance to treatments. In particular, the aberrant deacetylation of histone and non-histone proteins by HDACs is a relevant mechanism that is associated with developing therapy resistance in lung cancer.
Multiple signaling pathways play a part in HDAC-related drug resistance in lung cancer. Among them are epidermal growth factor receptor (EGFR)/HDAC-1, HDAC/retinoic X receptor (RXR)/high-temperature requirement factor A1 (HtrA), and HDAC/ornithine decarboxylase antizyme 1 (OAZ1) (Table 1 and Figure 2). EGFR is a transmembrane receptor tyrosine kinase whose overexpression is linked to the development of lung cancer. Most patients having EGFR-positive lung tumors are successfully treated with TKIs as elective therapy. However, some cases develop EGFR mutations that confer acquired resistance to standard therapy and TKIs (Nagano et al., 2018).
[image: Figure 2]FIGURE 2 | Mechanisms of regulation of HDACs and signaling pathways associated with resistance to therapies in lung cancer. Epigenetic therapies with HDAC inhibitors regulate different signaling pathways, proteasome activity, and transcriptional repression of genes involved in the cancer hallmarks of lung cancer. Created with Biorender.com.[image: FX 1]Phosphorylation [image: FX 2]Acetylation [image: FX 3]Up-regulation [image: FX 4]Activation [image: FX 5]Inhibition [image: FX 6]Mechanism promoted by treatments
To target this phenomenon, Wei et al. (2018) treated with vorinostat lung cancer cells harboring EGFR mutations associated with TKI resistance. Vorinostat suppresses cell tumor cell growth by dephosphorylating ERK and AKT. Vorinostat also induces cell cycle arrest and apoptosis and represses VEGF expression, which results in reduced angiogenesis.
EGFR promotes the phosphorylation of HDAC-1, an event required for its stability and increased expression. Phosphorylation of the Tyr72 site on HDAC-1 promotes the antiapoptotic function of HDAC-1 and resistance to gefitinib in lung adenocarcinoma (Bahl et al., 2021). BCL-2–interacting mediator of cell death (BIM) is a BH3-only proapoptotic member of the Bcl-2 protein family that induces apoptosis. Upregulation of BIM induces apoptosis in EGFR-mutated forms of NSCLC through EGFR-TKIs. BIM deletion polymorphism is associated with resistance to EGFR-TKIs, such as gefitinib and erlotinib. This polymorphism confers an inherent TKIs-resistant phenotype (Ng et al., 2012; Nakagawa et al., 2013).
Nakagawa et al. (2013) found that vorinostat increases BIM expression, which restores sensitivity to gefitinib in EGFR-TKI-resistant cells. In xenograft models, the combination of gefitinib with vorinostat markedly reverts the growth of tumors bearing the BIM polymorphism compared to gefitinib alone. Similarly, Tanimoto et al. (2017) found that vorinostat combined with osimertinib reverses the resistance of EGFR-mutated NSCLC cell lines presenting the BIM deletion polymorphism. Vorinostat affects the alternative splicing of BIM mRNA by increasing the expression of active BIM protein and also inhibits HDAC-3. In xenograft models, combining vorinostat with osimertinib reverts tumors in EGFR-mutated NSCLC cells that are homozygous for the BIM deletion polymorphism.
Mesenchymal-epithelial transition factor (cMet) is a transmembrane tyrosine kinase receptor with pleiotropic functions. Phosphorylation for a hepatocyte growth factor (HGF) activates cMet. Elevated HGF levels and c-Met overexpression are associated with poor prognosis in lung cancer. MET gene amplification is a known mechanism of resistance to TKIs (Mo and Liu, 2017; Liang and Wang, 2020). He et al. explored the antitumor activity of GCJ-490A. This is a novel pan-HDAC inhibitor that exerts potent inhibitory activity against HDAC-1, HDAC-3, and HDAC-6. The authors studied the effect of GCJ-490A alone or in combination with the EGFR inhibitor gefitinib against NSCLC. They found that GCJ-490A inhibits NSCLC cell proliferation and induces apoptosis in vitro and in vivo. The mechanism is via inhibition of HDAC-1 and HDAC-6, increasing histone acetylation of the IKK promoter. This in turn enhances IKK transcription, which increases c-Met expression (He et al., 2022).
Mutations in Kirsten rat sarcoma viral oncogene (KRAS) in NSCLC are associated with poor prognosis and resistance to TKIs. KRAS mutations induce resistance to gefitinib. This is due to the high expression of amphiregulin (AREG) and the insulin-like growth factor-1 receptor (IGF1R), which activates the PI3K/Akt pathway. Lung adenocarcinomas harbor mutations in the KRAS oncogene, and 80% of these mutations occur in codon 12. KRAS mutations are independent of EGFR mutations (Salgia et al., 2021). Sustained activation of PI3K/AKT stimulates Ku70 binding to BAX, leading to apoptosis inhibition and promoting cell proliferation. The mechanism is through class I/II and III/sirtuin HDACs, which deacetylate Ku70. Jeannot et al. (2014) investigated the role of acetylation in controlling the interaction between BAX and Ku70. They also studied how the acetylation of Ku70 participates in the PI3K/AKT pathway and gefitinib resistance. The authors found that TSA (a class I/II HDAC inhibitor) and nicotinamide (a class III/sirtuin deacetylase inhibitor) sensitize H358 cells to gefitinib-induced apoptosis. The combination of TSA and nicotinamide induces apoptosis and significantly sensitizes cells to gefitinib compared to gefitinib treatment with TSA or nicotinamide alone. TSA and nicotinamide inhibit gefitinib-induced activation of p-AKT. The mechanism is through an additive effect via activation of caspase 3 and dissociation of BAX/Ku70 by acetylation of Ku70.
The Hippo signaling pathway is a kinase cascade containing a Yes-associated protein (YAP) and a transcription coactivator with a PDZ-binding motif (TAZ). Hippo, YAP, and TAZ play a role in several processes such as early airway bifurcation morphogenesis, epithelial lineage differentiation, cellular transition to air respiration, injury repair, and tissue regeneration. Nevertheless, these molecules are also involved in carcinogenesis and cancer progression (Warburton, 2020). Lung cancer cells with mutated KRAS express high protein levels of YAP/TAZ. TAZ is a transcriptional activator that regulates organ size but is also involved in tumor growth and migration. TAZ promotes the secretion of AREG, which activates the EGFR signaling pathway (Yang et al., 2012; Chao et al., 2021). Gefitinib and panobinostat may be effective against gefitinib-resistant lung cancer cells that exhibit mutations in KRAS and EGFR. Panobinostat induces TAZ repression, which leads to cell death by cleavage of PARP, caspase-3, and caspase-9. Increasing histone H3 acetylation of the non-histone protein tubulin promotes tumor cell sensitivity to gefitinib (Lee et al., 2017). In vitro and in vivo studies show that the combination of resminostat (an HDAC-6 inhibitor) with docetaxel induces microtubule stabilization through the polymerization and acetylation of H3-histone into tubulin in lung cancer. Microtubule stabilization arrests cells in the G2/M phase of the cell cycle, suppresses cell proliferation and causes cell death mediated by activation of caspases -3 and -7 (Konishi et al., 2017).
One of the most widely used therapies for NSCLC patients with mutated EGFR is afatinib (Wu et al., 2021). Yet, when patients develop resistance to afatinib, there are few options left to treat these patients. A study using H1975 lung cancer cells resistant to afatinib showed that treatment with HDAC inhibitors sodium valproate or AR42 decreased the expression of several members of the tyrosine kinase receptor family: ERBB1, ERBB2, ERBB3 and ERBB4, and c-MET. These HDAC inhibitors also decrease the expression of HDAC-1, HDAC-2, HDAC-3, HDAC-4, HDAC-6, and HDAC-10. The combination of neratinib with sodium valproate inactivates mTORC1 and mTORC2, which induces apoptosis and autophagosome formation. Besides, this combination reduces the expression of PD-L1, PD-L2, and ornithine decarboxylase (ODC). These molecules are implicated in poor response to treatment. The combination of neratinib and sodium valproate increases the expression of MHC-A molecules (Booth et al., 2019).
The serine peptidase HtrA1 participates in cisplatin (CDDP) resistance by promoting a cancer stem cell phenotype in lung cancer (Li et al., 2020b). Due to the high expression of HDAC-1 and HDAC-6 in cancer cells, HtrA1 expression is low, as well as the expression of the retinoid X receptor (RXR). This results in the inactivation of acetyltransferase and increased resistance to CDDP. The combination of HDAC inhibitor panobinostat (LBH-589) with the RXR agonist bexarotene (Bexa) has a synergistic effect that increases HtrA1 and RXR expression and inhibits HDAC-1 and HDAC-6. Thus, HDACs and RXR play a co-regulatory role in HtrA1 expression. Another mechanism of HtrA1 regulation is through DW22, which inhibits HDACs and activates RXR, resulting in increased transcription of HtrA1. DW22 and vorinostat increase the ability of RXR to bind to the promoter-specific sites of HtrA1, and acetylated H4 and H3 bind to the HrtA1 promoter. All this reduces tumor cell invasion and migration and suppresses tumor growth in vivo (Wang W. et al., 2020).
P-glycoprotein (P-GP), a drug efflux pump, is overexpressed in multiple cancers and is associated with multidrug resistance (Seelig, 2020). Sun et al. (2019) reported that 60% of tumor tissues, obtained from patients treated with CDDP, show decreased ornithine decarboxylase antizyme 1 (OAZ1) expression and high HDAC-1 expression. This correlates with poor survival and poor treatment response. The authors also found that the HDAC inhibitor S11 suppresses P-gp and HDAC-1 and increases the expression of OAZ1. S11 increases the accumulation of acetylated H4 in the OAZ1 promoter region. Besides, S11 decreases cell migration and colony formation. The combination of S11 with CDDP is synergistic and promotes cell death in vitro and in vivo. This results in an increased sensitivity to CDDP therapy (Sun et al., 2019).
4 CANCER STEM CELLS PROMOTE THERAPY RESISTANCE THROUGH HDACS IN LUNG CANCER
Tumor heterogeneity contributes to progression, poor response to treatment, and development of acquired resistance to therapies in solid tumors. Tumor heterogeneity comprises intertumoral and intratumoral heterogeneity. Intertumoral heterogeneity consists of genetic variations among patients with the same type of tumor. While intratumoral heterogeneity is conformed by different cancer cells containing genetic variations and epigenetic changes, as well as changes in the regulation of gene expression (Brady et al., 2021). Solid tumors are composed of cancer cells, cancer stem cells (CSCs), and stromal cells such as endothelial cells, tumor-associated fibroblasts, mesenchymal stem cells, and tumor-associated macrophages (TAMs). All these cells form part of a complex architecture supported by blood vessels and the extracellular matrix, which all in all comprise the tumor microenvironment. Besides, soluble factors such as nutrients, growth factors, and cytokines, as well as the oxygen supply are essential components of the tumor microenvironment. The interaction of all these factors contributes to the development of angiogenesis, cell proliferation, invasion, and metastasis in lung cancer (Hass et al., 2020).
CSCs contribute to tumor progression, relapse, poor survival, and treatment resistance in lung cancer patients (see Figure 3) (71). CSCs are a small subpopulation of cancer cells that exhibit many genetic and epigenetic alterations. CSCs share properties with normal stem cells, such as the expression of transcription factors Nanog, Oct4, and Sox2, surface markers ALDH, and CD133. They also share the capacity for self-renewal and differentiation to multiple lineages (Saito, 2014).
[image: Figure 3]FIGURE 3 | Strategies of CSCs subpopulations that promote the phenotype resistant tumor cells to therapies mediated by HDACs in lung cancer. Created with biorender.com HDAC inhibitors (SAHA = Vorinostat, FT234, FT895); Ac, acetylation; TRIB1 = tribbles pseudokinase 1; C/EBP-β, CCAAT enhancer binding protein beta; YAP1, yes associated protein 1; SOX2, SRY-Box Transcription Factor 2; OCT4, Octamer-binding transcription factor 4; Bim-1, BMI1 Proto-Oncogene, Polycomb Ring Finger; PRC2, polycomb repressive complex 2; Suz-12 = SUZ12 Polycomb Repressive Complex 2 Subunit; EED, embryonic ectoderm development; RbAP 46/48, retinoblastomabinding protein p48; EZH2, Enhancer Of Zeste 2 Polycomb Repressive Complex 2 Subunit; OXPHOS, oxidative phosphorylation; ROS, reactive oxygen species.[image: FX 1]Phosphorylation [image: FX 2]Acetylation [image: FX 3]Up-regulation [image: FX 7]Methylation [image: FX 5]Inhibition [image: FX 6]Mechanism promoted by treatments [image: FX 4]Activation
Wang et al. reported that cisplatin, but not paclitaxel and doxorubicin, induces the enrichment of CSCs and confers multidrug resistance to NSCLC cell lines. Cisplatin-resistant tumors increase the expression of CSC transcription factors in a xenograft lung cancer model. Treatment with cisplatin promotes the interaction of HDAC-1 with pseudo kinase tribbles homolog 1 (TRIB1), resulting in the inactivation of p53 through its deacetylation (Wang et al., 2017). Even so, the combination of vorinostat and cisplatin enhances antitumor effects against NSCLC cell lines in a TRIB1-dependent manner. This combination also shrinks xenograft tumors (Eyers et al., 2017; Jadhav and Bauer, 2019).
Several studies showed that microRNAs regulate self-renewal, tumorigenicity, metastasis, and chemoresistance of CSCs in various human cancers. Chen et al. (2014) investigated whether miR-200b regulates CSCs derived from docetaxel-resistant lung adenocarcinoma cells. Results showed that CSCs derived from docetaxel-resistant lung adenocarcinoma cells downregulate miR-200b. Overexpression of HDAC1 represses miR-200b in CSCs through a specificity protein (Sp) 1-dependent mechanism. Upregulation of miR-200b reverses the chemoresistance of docetaxel-resistant adenocarcinoma cells by inducing cell cycle arrest and apoptosis. HDAC1 repression restores miR-200b, inhibits the enrichment of CSCs, and reverses the chemoresistance of CSCs. The mechanism is by regulating Suz-12, a miR-200b target, through the E-cadherin signaling pathway. These data suggest that HDAC-1/miR-200b/Suz-12-E-cadherin signaling regulates the formation of CSCs in docetaxel-resistant lung adenocarcinoma cells.
Bora-Singhal et al. (2020) found high levels of HDAC-11 in lung adenocarcinoma and squamous cell carcinoma tumor tissue compared to normal lung tissue. High levels of HDAC-11 correlate with poor treatment outcomes. HDAC-11 is upregulated in the cancer stem-like population (SP) from NSCLC cell lines (A549 and H1650). Elimination of HDAC-11 reduces self-renewal of cancer SP cells and decreases Sox2 expression, which is essential for maintaining this cell subset. HDAC-11 regulates Sox2 expression through interaction with the transcription factor Gli1. Highly selective HDAC-11 inhibitors FT234 and FT895 efficiently ablate the growth of drug-insensitive stem-like cells and therapy-resistant lung cancer cells. Treatment with synthetic inhibitors against HDAC-11 suppresses Sox2, reduces cell proliferation and migration, and decreases the CSC subpopulation.
While HDAC class I and IV overexpression promotes the development of CSCs in lung cancer, HDAC-10 (class IIb) acts as a tumor suppressor by targeting CSCs (Li et al., 2020c). Li et al. reported that HDAC-10 might act as a putative tumor suppressor in mice carrying a spontaneously activated oncogenic KRAS allele. HDAC-10 deletion accelerates early-stage KRAS-driven lung adenocarcinoma, increases macrophage infiltration within the tumor microenvironment, and shortens the survival time in mice. The authors found an increased number of highly tumorigenic and strain-like lung adenocarcinoma cells in Hdac10-deleted tumors compared to Hdac10 wild-type tumors. Deletion of HDAC-10 in knock-out tumor cells induces higher expression of SOX9 and genes associated with the TGF pathway, indicating a possible mechanistic association (Li et al., 2020c).
On the other hand, there is little evidence for the role of class III HDACs or sirtuins (SIRT 1–7) in lung cancer therapy resistance. Sun et al. (2020) characterized drug-resistant lung adenocarcinoma cell lines after treatment with gefitinib. They identified a subpopulation of tumor cells that exhibit strain-like properties, mitochondria-specific metabolic features, and expression of SIRT1 as a survival benefit. Treatment with tigecycline, a mitochondrial DNA translation inhibitor, or tenovin-6 (TV-6), a SIRT1 inhibitor, inhibits their dependence on mitochondrial oxidative phosphorylation (mtOXPHOS) and sensitizes them to a more pronounced and long-lasting therapeutic TKI effect. Combined therapy with TV-6 and gefitinib, but not single-agent therapy, induces tumor regression in xenograft mouse models. Furthermore, increased expression of SIRT1 and mtOXPHOS proteins in tumor tissues of lung adenocarcinoma patients is associated with recurrence and poor prognosis.
5 CLINICAL ASSAYS USING HDACS FOR LUNG CANCER TREATMENT
We briefly describe the inhibitory activity of HDAC inhibitors against HDAC in assays in vitro in lung cancer. Different studies have reported the inhibitory activity against HDAC in vitro. For instance, SNOH-3 is a novel inhibitor of HDAC-1, HDAC-3, HDAC-6, and HDAC-8 isoforms, with half-maximal inhibitory concentration (IC50) of 46.5 ± 13.1, 28.1 ± 2.3, 42.3 ± 11.8 and 146.2 ± 52.6 nM, respectively. While vorinostat has IC50 values of 93.4 ± 16.9, 51.2 ± 9.2, 26.6 ± 6.3, and 195.9 ± 32.5 nM against these HDAC isoforms. The IC50 values were obtained from A549 and H1299 cell lines. SNOH-3 has better activity against HDAC-1 compared to HDAC-3, HDAC-6, and HDAC-8 in both cell lines. Similar results were observed with vorinostat. SNOH-3 promotes apoptosis through the scission of caspase-3 and PARP and decreases the anti-apoptotic proteins XIAP and survivin. Additionally, this inhibitor induces cell migration, invasion, and angiogenesis inhibition by mediating an increase in KLF4 expression and low VEGF expression (Wang L. et al., 2016).
Isoform selective HDAC inhibition can be one of the therapeutic strategies in the treatment of lung cancer. HDAC inhibitors have different IC50 values, as observed in vitro assays on lung cancer cell lines. Yet most HDAC inhibitors show IC50 values ranging from 4.5 to 10.5 mM concentrations. For example, panobinostat ranges between 4 and 31 nM, vorinostat ranges from >10 to 1975 nM, and mocetinostat has an IC50 value of 1000 nM. These inhibitors have a selective affinity to HDAC isozymes dependent on zinc (HDAC class I, IIa, IIb, and IV). Of note, all of them have completed clinical trials (Table 2). Only the CUDC-907 inhibitor has an IC50 ranging from 0.49–8.8 nM. Thus, CUDC-907 could be a potential candidate for future clinical trials. Although HDAC inhibitors can function as pan-HDAC inhibitors due to their wide spectrum of action, few have been approved for lung cancer treatment. Currently, panobinostat, vorinostat, mocetinostat, valproic acid, entinostat, and chidamide, have completed phase I, II, and III clinical trials (See Table 2).
TABLE 2 | Structure of HDACs inhibitors against deacetylase isozymes in lung cancer and clinical assays.
[image: Table 2]Although HDAC inhibitors mainly target different classes of HDACs, their inhibitory effects are not limited to these enzymes. This is due to the deregulation of multiple targets and the great promiscuity some HDACs show. Moreover, the affinity of HDAC inhibitors relies on several factors, such as posttranslational modifications, or the composition of HDAC complexes. So the specificity of HDAC inhibitors can be limited. A recent study by Lechner et al. (2022), which was based on proteomic assays, showed that some HDAC inhibitors have off-target substrates and low selectivity, particularly HDAC-6 inhibitor tubastatin A. The authors also showed that HDAC inhibitor hydroxamic acid has as an unexpected target the metallobeta-beta-lactamase-domain-containing protein 2 (MBLAC2), which leads to the accumulation of extracellular vesicles in vitro. Although these off-targets deserve further research to identify unknown substrates, HDAC inhibitors are still considered promising drugs that can help improve treatments for lung cancer, as shown in vitro, in vivo, and in clinical assays.
6 MODULATION OF HDACS BY NATURAL COMPOUNDS IN LUNG CANCER
Many phytochemicals play critical roles in the treatment of various diseases, including cancer. Phytochemicals are compounds derived from plants. Either purified or obtained as extracts, they are of great interest because of their therapeutic or chemopreventive properties (Lin et al., 2020). Phytochemicals include a wide range of secondary metabolites such as polyphenols, flavonoids, steroid saponins, organosulfur compounds, and vitamins. Many phytochemicals have great antioxidant potential, so they can be chemopreventive agents. Besides, their use might be beneficial in combination with established conventional treatments (Forni et al., 2019; Lin et al., 2020). Although the bioavailability of phytochemicals when ingesting foods that contain them (fruits, vegetables, and whole grains) is low, some foods have the concentrations required to exert an anticancer effect. The structure of the phytochemicals discussed in the present review and chemotherapeutic agents and TKIs are shown in Figure 4.
[image: Figure 4]FIGURE 4 | Chemical structure of chemotherapeutic agents, TKIs, ALK inhibitors, and phytochemicals discussed in the text.
Further studies show that some phytochemicals act as critical modulators of HDACs in lung cancer resistant to standard therapies (Figure 5). For example, curcumin is a potent anti-inflammatory, and an antioxidant compound found in high concentrations in spice turmeric, which gives curry its yellow appearance. Curcumin is a phenolic acid that also shows antitumor effects and alters the expression of Sp transcription factors. Sp transcription factors are members of the Sp/Krppel-like family (KLF) conformed by Sp1, Sp2, Sp3, and Sp4 (Hewlings and Kalman, 2017). These Sp proteins are overexpressed in several tumors, including lung cancer. Sp1 transcription factor and HDAC-1 regulate EGFR expression through the complex with Kruppel-like factor 10 (KLF10/TIEG1), which binds to promoter sites within Sp1 to inhibit histone acetylation and repress Sp1 transcription (Beishline and Azizkhan-Clifford, 2015).
[image: Figure 5]FIGURE 5 | Modulation of HDACs by phytochemicals plus standard therapy in lung cancer. [image: FX 1]Phosphorylation [image: FX 2]Acetylation [image: FX 3]Up-regulation [image: FX 4]Activation [image: FX 5]Inhibition [image: FX 6]Mechanism promoted by treatments
Chen et al. (2019) investigated the effect of curcumin on abrogating gefitinib resistance of NSCLC cells with wild-type EGFR and KRAS mutations using in vitro and in vivo models. Gefitinib-resistant NSCLC cell lines (H157 and H1299) treated with a combination of curcumin and gefitinib diminish the activity of EGFR through repression of Sp1, which in turn blocks the interaction of Sp1 with HDAC-1. Furthermore, curcumin and gefitinib synergistically inhibit the receptor tyrosine kinase signaling and ERK-AKT pathways. Whereas they induce autophagic cell death, and autophagy-mediated apoptosis, by suppressing the interaction of Sp1/EGFR. Using xenograft mouse models, the authors showed that the combination of gefitinib and curcumin significantly inhibits tumor growth compared to treatment with either drug alone.
Apigenin is a flavone found in vegetables such as fresh parsley, vine spinach, celery seed, green celery heart, Chinese celery, and dried oregano. This flavone has multiple properties, being a powerful antioxidant and possessing antimutagenic, anticarcinogenic, and anti-inflammatory activities (Wang et al., 2019). Yan et al. showed that apigenin promotes arrest in the G2/M cell cycle in lung cancer cell lines by reducing the binding of HDAC-1. This results in histone H3 acetylation of the promoters for p21 and PUMA genes which increases the association of RNA polymerase II and Sp1 (Yan et al., 2020). Apigenin can also induce acetylation of the TP53 promoter. The combination of cisplatin with apigenin showed a remarkable prolongation of S-phase and arrest in G2/M-phase, a decrease in cell proliferation, and induction of cell death. Thus, apigenin enhances the anticancer activity of cisplatin (Wang et al., 2019). However, apigenin is insoluble in polar solvents such as water, which further hampers pharmacokinetic studies. Its absorption, distribution, metabolism, and excretion are slow during phase II metabolism in the gastrointestinal tract. Apigenin is poorly absorbed because of its insolubility, moderate permeability, chemical instability, and the conjugation reactions of glucuronidation and sulfonation (Meyer et al., 2006; Telange et al., 2017; Wang et al., 2019; Yan et al., 2020). These disadvantages can be a barrier to an effective therapeutic strategy.
Flavan-3-ols (flavanols or catechins) are phytochemicals that also modulate HDACs and are found in green tea. Epigallocatechin gallate (EGCG), epicatechin, epicatechin gallate, and catechin are found in green tea extracts, but they are also found in cocoa, prune juice, broad bean pods, acaí oil, and argan oil. EGCG has chemopreventive, anticarcinogenic, antiapoptotic, and anti-inflammatory properties in cancer (Xu et al., 2021). Oya et al. showed that the combination of EGCG and Am80, a synthetic retinoid, synergistically induced apoptosis of the lung cancer cell line PC-9. EGCG and Am80 increase the expression of growth arrest and DNA damage-inducible gene 153 (GADD153), death receptor 5, and p21waf1 genes. The synergistic mechanistic effect includes the increased acetylation of non-histone proteins p53, α-tubulin, and HSP90. This is mediated by reduced activity of class II HDACs (HDAC-4, -5, and -6) in the cytosol. Furthermore, suppression of HDAC-4 and -5 increases p21waf1 expression, while suppression of HDAC-6 promotes high expression of GADD153 and p21waf1, leading to cell death. Overall, EGCG, combined with Am80 changes acetylation levels of non-histone proteins via downregulation of HDAC4, -5, and -6 and stimulates apoptotic induction in lung cancer cell line PC-9 (Oya et al., 2017).
Resveratrol (trans-3,4,5-trihydroxystilbene) is a natural polyphenol found in large amounts in the root of Japanese knotweed (Polygonum cuspidatum). Resveratrol is also found in peanuts, red grapes, pistachios, red and white wine, blueberries, cranberries, peas, soybeans, and even cocoa and dark chocolate. This phytochemical has anticarcinogenic, neuroprotective, cardioprotective, and nephroprotective properties (Shrikanta et al., 2015; Vervandier-Fasseur and Latruffe, 2019). While quercetin is a flavonol with a wide range of properties such as antioxidant, anti-inflammatory, antibacterial, antiviral, gastroprotective, and immunomodulating activities. Quercetin is found in apples, citrus fruits, berries, dark cherries, cranberries, onions, broccoli, cabbage, raw asparagus, peppers, legumes, whole grains, and capers, among others (Ferraz et al., 2021). Wang et al. (2018a) found that resveratrol has antitumor effects by inhibiting cell proliferation and promoting cell apoptosis in NSCLC cell lines A549 and H1299. Mechanistically, resveratrol treatment increases SIRT1, Beclin1, and LC3 II/I, while decreasing p62 expression. Overexpression of SIRT1, which promotes Beclin1 deacetylation, leads to autophagosome formation, suggesting that resveratrol might induce autophagy. Furthermore, treatment with resveratrol inhibits Akt/mTOR and activates p38 MAPK in NSCLC cells. Thus, resveratrol inhibits proliferation and induces apoptosis and autophagy via inhibition of Akt/mTOR and activation of the p38 MAPK signaling pathway. Resveratrol-induced autophagy may act as a protective mechanism to promote NSCLC cell survival (Wang et al., 2018a). Similarly, Guo et al. (2021) reported that quercetin induces proapoptotic autophagy via the SIRT1/AMPK signaling pathway in A549 and H1299 lung cancer cell lines. They found that quercetin increased the levels of SIRT1 protein and the pAMPK-AMPK ratio, as well as LC3-II, Beclin 1, Atg5, Atg7, and Atg12 mRNA levels.
Some drugs used as therapies against cancer, originate from or are based on phytochemicals. For example, romidepsin (FK228) is a selective inhibitor of HDACs that received approval from the US Food and Drug Administration (FDA) in 2009. Romidepsin is typically used to treat cutaneous T-cell lymphoma. This compound was tested in phase II clinical trials in patients with NSCLC. However, romidepsin had low clinical efficacy in advanced stages of NSCLC and most patients showed disease progression. Similar results were found in patients with limited and extensive stages of SCLC treated with romidepsin. Another phase I clinical trial treated NSCLC patients with romidepsin plus erlotinib. The results did not show benefits for the study population (Schrump et al., 2007, 2008; Amiri-Kordestani et al., 2013). In summary, despite romidepsin being a specific inhibitor of HDAC in other types of cancer, no beneficial effects are observed for lung cancer patients.
7 CONCLUSION AND PERSPECTIVES
Despite significant advances in lung cancer therapies, acquiring mutations in critical genes such as EGFR, Kras, and c-Met, among others, favors resistance to standard therapies such as cisplatin and TKIs. The heterogeneity and hostility within the tumor microenvironment favor the selection of certain subpopulations of tumor cells, such as cancer stem cells. These cells express more aggressive, invasive, and multidrug-resistant phenotypes. Therefore, new and accessible options for the treatment of lung cancer are needed.
HDACs are promising targets as they are involved in tumorigenesis, tumor progression, metastasis, and resistance to lung cancer therapies. Therefore, the development of specific inhibitors against the different HDAC classes is encouraging as these inhibitors have demonstrated efficacy in vitro and in vivo against lung cancer.
About 80% of the drugs approved by the FDA used as therapies against cancer originate from or are based on phytochemicals. These compounds exert synergistic effects to increase the effectiveness of chemotherapeutic drugs. Some of these phytochemicals regulate the activity of HDACs. Recent studies have demonstrated that these compounds possess antitumorigenic properties in lung cancer. These properties include 1) repair of epigenetic changes, 2) induction of cell death, 3) chemopreventive effects, and 4) restoring the susceptibility of resistant tumor cells to chemotherapeutic drugs.
There is still scarce evidence of the pharmacokinetics and pharmacodynamics of phytochemicals in lung cancer. Preliminary studies of some phytochemicals have shown that these compounds have poor bioavailability, and their pharmacokinetic profiles have limited their use in cancer therapy. However, the combination of phytochemicals that act as HDAC inhibitors with standard therapies has synergistic effects against lung cancer (Figure 5). Thus, understanding how phytochemicals modulate the resistance to therapy through HDACs and the effects produced in combination with standard therapies is a potential area that deserves further research.
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Although a large part of the genome is transcribed, only 1.9% has a protein-coding potential; most of the transcripts are non-coding RNAs such as snRNAs, tRNAs, and rRNAs that participate in mRNA processing and translation. In addition, there are small RNAs with a regulatory role, such as siRNAs, miRNAs, and piRNAs. Finally, the long non-coding RNAs (lncRNAs) are transcripts of more than 200 bp that can positively and negatively regulate gene expression (both in cis and trans), serve as a scaffold for protein recruitment, and control nuclear architecture, among other functions. An essential process regulated by lncRNAs is genome stability. LncRNAs regulate genes associated with DNA repair and chromosome segregation; they are also directly involved in the maintenance of telomeres and have recently been associated with the activity of the centromeres. In cancer, many alterations in lncRNAs have been found to promote genomic instability, which is a hallmark of cancer and is associated with resistance to chemotherapy. In this review, we analyze the most recent findings of lncRNA alterations in cancer, their relevance in genomic instability, and their impact on the resistance of tumor cells to anticancer therapy.
Keywords: lncRNAs, genomic instablity, cancer therapy, NORAD, CONCR
INTRODUCTION
Most of the transcripts in the mammalian genome are non-coding. Within this group of transcripts are the long non-coding RNAs (lncRNAs), RNAs of more than 200 nucleotides that lack protein-coding potential (SamudyataCastelo-Branco and Bonetti, 2018). lncRNAs have nuclear or cytoplasmic localization. They can have different cellular functions by regulating the expression of coding genes, controlling protein modification, or serving as scaffolds for proteins that regulate chromatin structure. Due to their versatility, lncRNAs have been associated with different cellular processes, such as proliferation, differentiation, embryogenesis, stemness, regulation of genome stability and pathological processes such as carcinogenesis (SamudyataCastelo-Branco and Bonetti, 2018; Taniue and Akimitsu, 2021).
Genomic instability is a critical feature in cancer cells. It has been described as an enabling hallmark of cancer because it allows cell plasticity to acquire different cancer features (Hanahan and Weinberg, 2011). In addition, genomic instability is associated with increased aggressiveness and resistance to cancer therapy. It has been proposed that genomic instability confers heterogeneity to tumors so different clones can evolve, promoting drug resistance and tumor progression (Vargas-Rondon et al., 2017; Sansregret et al., 2018; Turajlic et al., 2019). The origin of genomic instability in cancer is not well defined. Chromosomal instability (defined as a high rate of changes in chromosome number and structure) has been associated with alterations in kinetochore-microtubule binding, centrosome duplication, and alterations in the expression of specific mitotic genes, tetraploidization events, defects in chromatid cohesion and telomere dysfunction (Tanaka and Hirota, 2016).
On the other hand, genes involved in detecting, repairing, and responding to DNA damage are mutated in different tumors. Germline mutations in these genes are associated with genomic instability syndromes that significantly increase the risk of developing cancer (Hanahan and Weinberg, 2011). As the lncRNAs are involved in a myriad of cell activities, it is not surprising that lncRNAs are associated with genomic instability in cancer. Although not all genomic stability-related lncRNAs have been associated with resistance in cancer therapy, their dysfunction and the consequent boost of genomic instability may result in resistance and progression in different tumors. In this review, we will discuss the different lncRNAs associated with genome maintenance, their alterations in cancer, and the possible repercussions on response to therapy and prognosis in cancer.
LncRNAs at the chromosome stability
NORAD
Non-coding RNA activated by DNA damage (NORAD) is a lncRNA of approximately 5.3 kb expressed in different tissues and highly conserved in mammals (Tan et al., 2019). NORAD expression increased upon DNA damage in a p53-dependent manner, despite having no apparent p53 response elements (Lee et al., 2016; Soghli et al., 2021). Deletion of NORAD causes tetraploidization and mitotic defects, such as anaphase bridges and mitotic slippage (Lee et al., 2016). Two mechanisms by which NORAD maintains genomic stability have been proposed. First is the binding of NORAD to PUMILIO RNA binding proteins (PUM1 and PUM2). PUM proteins bind RNA and inhibit the expression of several genes, including genes related to mitosis, DNA repair, and replication (Elguindy et al., 2019). NORAD binding to PUM prevents repression of these genes and maintains genomic stability (Figure 1).
[image: Figure 1]FIGURE 1 | NORAD is involved in the proper segregation of chromosomes. Two mechanisms by which NORAD promotes chromosome segregation have been proposed. First (above), NORAD negatively regulates PUM1 and PUM2 proteins allowing the expression of genes involved in cell cycle processes. On the other hand, NORAD forms a ribonucleoprotein complex with the RBMX protein, where they have a role in DNA duplication and repair. However, it is not clear how this function participates in chromosome segregation.
On the other hand, NORAD purification and quantitative liquid chromatography-mass spectrometry demonstrated that NORAD binds to the RBMX protein (whose knockdown provokes DNA repair and sister-chromatid separation defects) (Munschauer et al., 2018). NORAD and RBMX are part of a ribonucleoprotein complex involved in DNA replication and repair, and NORAD depletion reduced replication fork velocity (Figure 1). There is debate about which of these mechanisms is more relevant to genome maintenance. In a cell model where NORAD has been deleted, it has been shown that expression of wildtype NORAD or a NORAD fragment without the RBMX binding site can reverse the generation of aneuploidy or the formation of alterations during segregation (Elguindy et al., 2019). They conclude that RBMX is a dispensable protein for NORAD genome maintenance activity. However, the functionality of NORAD-RBMX may be related to DNA replication and not mitosis. Therefore, both mechanisms are not mutually exclusive and can be an essential part of NORAD activity.
Because of NORAD activity in genome maintenance, its downregulation or deletion can be relevant to the development and prognosis of malignant tumors. Many published studies have been concerning its role in cancer development and prognosis. However, most investigations have associated increased NORAD levels with the acquisition of malignant features or a worse disease prognosis. NORAD overexpression has been found in breast, stomach, liver, pancreas, breast, bladder, melanoma, colon, prostate, lung, endometrium, ovary, and cervix tumors, as well as glioma and neuroblastoma. The oncogenic activity of NORAD is mediated by pathways such as TGFb, MAPK, Akt/mTOR, etc., and the function of NORAD as a microRNA inhibitor by sponging microRNAs. There are recent reviews for details about these findings (Ghafouri-Fard et al., 2021; Soghli et al., 2021).
However, few studies have found a decrease in NORAD and a relationship with clinical parameters in malignant tumors. Yu et al., reported a decreased NORAD expression in endometrial cancer tumor tissue compared with normal tissue from TCGA data. In addition, they describe an association between low NORAD levels and shorter overall survival. In endometrial cancer samples (n = 56), they found an association between decreased NORAD and increased clinical stage. Because NORAD downregulation in endometrial cancer-derived cell lines promoted apoptosis, they focused on the involvement of FUBP1 (a NORAD-binding protein) in NORAD-driven apoptosis. FUBP1 is a protein that negatively regulates the transcription of pro-apoptotic genes. Thus, NORAD binding to FUBP1 promotes apoptosis (Han et al., 2020). Surprisingly, the role of NORAD in genome stability was not assessed in this study, so it will be necessary to determine whether the NORAD relevance in endometrial cancer is related only to the regulation of apoptosis or also to the control of genome stability. From NCBI’s Gene Expression Omnibus (GEO) data, a lower expression of NORAD was found in tumors compared to normal tissues in lung and breast tumors. Besides, there is a correlation between decreased NORAD expression and poor survival. In cohorts of lung adenocarcinoma samples (n = 95) and breast cancer samples (n = 70), NORAD was decreased in tumor samples vs. adjacent tissue. In both cohorts, a correlation was demonstrated between decreased NORAD and the presence of metastatic lymph nodes. In the same study, NORAD inhibited invasion and metastasis by sequestering the S100P (invasion and metastasis promoter) protein (Tan et al., 2019). Again, genomic instability was not determined. Mice injected with MDA-MB-231 cells (which showed chromosomal instability) showed decreased metastatic capacity when chromosomal instability was reduced by overexpression of KIF2B or MCAK. Demonstrating that chromosomal instability promotes the invasive and metastatic phenotype (Bakhoum et al., 2018). Therefore, in addition to the role of S100P, the downregulation of NORAD may promote metastasis formation through chromosomal instability. Finally, another study found an association between low NORAD levels with higher stage and worse survival in neuroblastoma patient databases. The association between low NORAD levels and tumor stage was also found in a group of neuroblastoma patient samples (n = 40). In vitro studies with neuroblastoma-derived cell lines determined that decreased NORAD promotes cell proliferation, migration, and expression of DNA damage markers. Interestingly, NORAD downregulation was associated with reduced expression of chromosome segregation genes, such as SMC1A, RAD21, ESPL1, and PLK1 (Yu et al., 2020). This is the only study linking NORAD downregulation with clinical parameters and chromosomal instability in cancer tumors.
The role of NORAD in cancer biology is complex. Most studies demonstrate increased NORAD expression in tumors related to different pathways and microRNA regulation. However, it will be necessary to determine whether elevated levels of NORAD can modify genome stability. In this regard, it has been reported that A549 cells exposed to PM10 particles overexpress NORAD and Spindle Assembly Checkpoint (SAC) genes (MAD2L1, MAD1L1, BUB1B), and NORAD inhibition counteracts the overexpression of SAC genes (Santibanez-Andrade et al., 2021). Moreover, NORAD downregulation may be relevant for some specific tumors, such as lung, breast, endometrial, and neuroblastoma. Therefore, it is necessary to determine whether genomic instability caused by NORAD downregulation plays an essential role in the biology of these neoplasms. In addition, it is critical to assess whether NORAD downregulation is related to resistance to therapies used in these tumors in both clinical and in vitro studies.
CONCR
The lncRNA CONCR (cohesion regulator non-coding RNA), also known as DDX11-AS1, binds to the helicase DDX11 and participates in DNA replication by maintaining cohesion between sister chromatids. Depletion of CONCR results in the loss of sister chromatid cohesion. CONCR expression is indirectly repressed by p53. Overexpression of CONCR has been observed in different types of cancer, such as hepatocellular carcinoma, colorectal cancer, osteosarcoma, bladder cancer, gastric cancer, glioma, and non-small cell lung cancer. Its expression has been associated with tumor stage, recurrence, and lymph node metastasis (Tian et al., 2019; Feng et al., 2020a; Zhang et al., 2020a; Feng et al., 2020b; Xiang et al., 2022). CONCR activity is relevant for cell proliferation, as its decrease is associated with the inhibition of proliferation and increased cell death (Marchese et al., 2016). The oncogenic activity of CONCR is complex and has been associated with the negative regulation of different miRNAs and the activation of oncogenic pathways such as PI3K/AKT and Wnt/beta-catenin (Feng et al., 2020a; Xiang et al., 2022).
Due to the role of CONCR in tumor biology, it has been proposed as a therapeutic target (Shi et al., 2017). In vitro and in vivo models have shown that CONCR knockdown sensitizes paclitaxel-resistant breast cancer cells and oxaliplatin-resistant gastric cancer cells, respectively (Zhang et al., 2019; Song et al., 2020). Although breast cancer cells sensitization was associated with increased miR497 expression, it is possible that the increase in segregation errors due to CONCR knockdown, coupled with paclitaxel activity on microtubules, may allow mitotic defects to be increased and thus favor cancer cell death.
CCAT2
On the other hand, the overexpression of a lncRNA called CCAT2, which is conserved in mammals, was described in colorectal cancer samples (Redis et al., 2013). CCAT2 expression was elevated in colorectal cancer samples compared to adjacent tissue. In addition, tumors with microsatellite stability showed a higher CCAT2 expression than those with microsatellite instability. Overexpression of CCAT2 in cell lines and xenografted tumors promoted increased proliferation and metastasis. The oncogenic characteristics of CCAT2 are associated with MYC regulation (Redis et al., 2013; Pirlog et al., 2021). Moreover, in an analysis of HCT116 cell clones overexpressing CCAT2, multiple structural and numerical chromosomal alterations (aneuploidy and polyploidy) were found. It has also been shown that CCAT2 stabilizes BOP1 (a ribosomal protein), which increases the activity of AURORA B, a phenomenon associated with chromosomal instability (Chen et al., 2020).
In different in vitro models, it has been shown that the lncRNA CCAT2 promotes resistance to treatment with different drugs, such as 5-fluorouracil, platinum drugs, tamoxifen, and doxorubicin, among others. However, it is unclear whether this resistance can also be explained in patients. Furthermore, it is not well defined whether the resistance is due to its role in instability or is independent of it.
lncRNAs from the centromere
The centromere is the genomic region upon which the kinetochore, the interface between the chromosomes and microtubules essential for chromosome segregation, is assembled (Fukagawa and Earnshaw, 2014). The centromere is epigenetically defined by the presence of the H3 variant histone CENP-A and accompanying histone post-translational modifications (Fukagawa and Earnshaw, 2014). At the genetic level, this region is populated by non-coding elements termed α-satellites, which are repeated in a head-to-tail orientation for up to several megabases in arrays known as Higher Order Repeats (HORs). However, not all α-satellite repeats make part of a HOR or host the CENP-A variant histone. Instead, the kinetochore is usually assembled on the largest HOR of each chromosome, and the flanking α-satellite repeats are part of a structure named pericentromere (Altemose et al., 2022). The pericentromere is a large region that contains several other repetitive elements and has its own epigenetic (primarily repressive) features. In the literature, the term “centromere” has been used somewhat interchangeably to refer to the core centromere or to entail the centromeric and pericentromeric regions. Historically, the pericentromere and the centromere core have been difficult to discern. Furthermore, both structures have been considered transcriptionally inert. However, this is not the case. Although the centromere and the pericentromere bear epigenetic repressive marks, they can also display histone post-translational modifications associated with active chromatin. Basal centromeric expression is detectable in normal human cells from different tissues (Eymery et al., 2009), even by Northern blot (Caceres-Gutierrez et al., 2022). But these regions are also transcriptionally dynamic and highly responsive to the cellular context and internal and external stimuli, such as cell cycle progression (Bury et al., 2020), differentiation (Bouzinba-Segard et al., 2006), cancer progression (Ting et al., 2011; Zhu et al., 2011), heat shock, osmotic pressure, oxidative stress, and exposure to heavy metals (Valgardsdottir et al., 2008). The lncRNAs transcribed from the centromere or pericentromere have roles in the cell. In the specific context of cancer treatment, the expression of centromeric and pericentromeric regions in response to chemotherapeutic agents can alter cellular behavior, impacting treatment response. This has been demonstrated for the DNA damaging agent etoposide. Early evidence showed that several genotoxic agents cause overexpression of centromeric repeats in non-cancerous murine cells (Hedouin et al., 2017). Further study in humans demonstrated satellite III repeat hypomethylation in cancerous compared to normal tissue, which was associated with etoposide resistance in non-small cell lung carcinoma (Kanne et al., 2021). The authors also showed that etoposide resistance is accomplished by sequestering topoisomerase 2A (TOP2A) in nuclear stress bodies. The seizing of TOP2A by nuclear stress bodies prevents TOP2A from forming a complex with etoposide, which would promote DNA damage. Therefore, pericentromeric transcription stimulates tumor resistance to etoposide in this model (Figure 2).
[image: Figure 2]FIGURE 2 | Mechanisms proposed to mediate the relationship between RNAs transcribed from the centromere and pericentromere and treatment response. Upper right panel: etoposide promotes DNA double-strand breaks (DSBs) through its interaction with topoisomerase 2 A (TOP2A) and the formation of a ternary complex with the DNA. Etoposide-induced satellite III RNAs participate in sequestering TOP2A in nuclear stress bodies, which prevents the generation of DNA DSBs. Lower right panel: Proteasome inhibition by bortezomib (used in treating multiple myeloma, among other malignancies) promotes cell death through proteolytic stress and a prolonged mitotic, followed by cohesion fatigue (among other mechanisms). Upon bortezomib treatment, delayed mitotic progression is associated with the overexpression of α-satellite RNAs. These transcripts interact with cohesin subunits, which could inhibit the establishment of cohesion fatigue. On the other hand, the expression of satellite III RNAs in mesenchymal stromal cells (associated with B-lymphocytes in the bone marrow) triggered by bortezomib has been shown to protect malignant B cells (the target of bortezomib) from bortezomib toxicity. DSB: Double Strand Breaks. MSC: Mesenchymal Stromal Cell.
In this regard, we have demonstrated that proteasome inhibitors promote the overexpression of several repetitive RNAs, including the centromeric α-satellites (Caceres-Gutierrez et al., 2022). Centromeric and pericentromeric lncRNAs have also been associated with resistance to different antineoplastic drugs, such as the proteasome inhibitor bortezomib (Figure 2). Our study demonstrated that the upregulation of α-satellite DNA alters mitotic progression. Moreover, work from another group showed that the bortezomib-induced upregulation of satellite III (Figure 2) DNA in mesenchymal stromal cells protected multiple myeloma cells from bortezomib-induced cells (Enukashvily et al., 2022).
Therefore, centromeric and pericentromeric lncRNAs alter cellular behavior with negative consequences for cancer treatment. However, further research will be necessary to determine whether the exact mechanisms observed in vitro operate in vivo and vice versa to reconstruct a complete panorama of centromeric and pericentromeric transcription and its impact on treatment outcomes. Such a research effort would help provide clues to improve the outcome for cancer patients.
TERRA-telomere homeostasis and genomic stability
Given their linear nature, the homeostasis of human chromosomes calls for the uninterrupted surveillance of chromosome termini. For this reason, the telomere assembles at the ends of linear chromosomes. Telomeres are specialized nucleoprotein complexes that maintain the integrity of the chromosome, promoting the homeostasis of the whole molecule in interphase and ensuring appropriate chromosome segregation during mitosis (Chuang et al., 2004; Azzalin et al., 2007; Heidenreich and Kumar, 2017). Capping telomere ends, loop formation, strand invasion, chromatin compaction, and establishment of guanine quadruplexes are necessary to maintain telomere integrity. The Telomeric repeat-containing RNA (TERRA) is a lncRNA that takes part in the previously listed processes.
To prevent the DNA repair machinery from recognizing and processing the ends of linear chromosomes, the protein complex Shelterin assembles on the telomeric repetitive track and aids in the formation of telomere loops (T-loops) (Blasco, 2005). Together, Shelterin deposition and T-loop formation constitute telomere capping. At the end of DNA replication, newly synthesized telomeres are uncapped and must be protected from nucleolytic degradation. TERRA aids in the re-establishment of the Shelterin complex by directly associating with TRF2 (Mei et al., 2021) and by associating with the Heterogeneous nuclear ribonucleoprotein A1 (hnRNPA1) and then mediating an exchange between RPA and Protection of telomeres protein 1 (POT1) (Flynn et al., 2011). By ensuring the formation of the Shelterin complex, TERRA prevents the abnormal shortening that would take place through 5′–3′ nucleolytic degradation (Longhese et al., 2010).
Telomeres shorten at a regular rate as the cells divide and age. As these sequences become shorter, constitutive heterochromatin is lost at telomeres and sub-telomeres; this promotes TERRA transcription in chromosome arms with short telomeres (Yehezkel et al., 2008). In the presence of human telomerase reverse transcriptase (hTERT), increased TERRA transcription ensures hTERT recruitment onto critically short telomeres (Farnung et al., 2012). This prompts telomere extension, heterochromatin recovery, and the eventual reduction of TERRA expression at the extended telomeric locus (Wang et al., 2015; Oliva-Rico et al., 2022).
Despite the positive effects of TERRA transcription in telomere recovery, chromosome stability requires that TERRA expression return to its normal rate. Otherwise, the accumulation of this lncRNA can become detrimental (Aguilera and Garcia-Muse, 2012; Arora and Azzalin, 2015). DNA-RNA hybrids and the DNA strand they displace are called RNA loops (R-loops). To allow the progression of the replication fork Telomere R-loops (TRLs) must be resolved during S-phase. Otherwise, the stalled polymerase leads to fork collapse and double-strand breaks (Balk et al., 2014). Furthermore, in the telomeric track, DSB can lead to the accelerated shortening of telomeres. Therefore, overexpression of TERRA would result in more TRLs at the transcribing loci, further shortening an already critically short telomere.
The significance of TERRA expression in cancer is not well understood. Reported that in the presence of telomerase, the hypomethylation-induced steady expression of TERRA allowed the extension of the telomeres associated with hypomethylated loci in a human colon cancer cell line (Nergadze et al., 2009; Farnung et al., 2012). However, Oh et al. reported that in tissue from patients with hepatocellular carcinoma, telomeres could be extended in chromosomes with both hypo and hypermethylated subtelomeric loci, making TERRA expression seem inconsequential for telomere elongation in liver cells (Oh et al., 2011). Arnoult et al. then found that in fibrosarcoma and lung cancer-derived cell lines and non-tumoral fibroblast telomere extension directly silenced TERRA expression at the associated subtelomeric loci by increasing the levels of H3K9me3 (Arnoult et al., 2012). However, in gastric cancer, breast cancer, and cervical carcinoma-derived cell lines, Smirnova et al. found that telomere length and TERRA expression did not correlate (Smirnova et al., 2013).
It is clear that the transcriptional regulation of TERRA expression is tissue-specific. There seem to be stark differences between the results obtained from directly analyzing tissue samples and those results from cell lines of the same tissue lineage. Moreover, the expression of TERRA at each telomere appears to be regulated in a telomere-specific way, making it hard to pinpoint a reliable regulation pathway for the eventual use of this lncRNA as a biomarker for the prognosis of the disease.
It has proven complicated to directly relate TERRA expression and the possible consequences of an altered telomere length, such as cell-life span, disabled tissue replenishment, degenerative disorders (Maicher et al., 2014), tumor aggressiveness (Deng et al., 2012), and radiation sensitivity (Smirnova et al., 2013), to mention a few. However, there is a clear association between TERRA expression and the proliferation rate of a cell. Flynn et al. have proposed that altering the transcriptional control of TERRA could induce chromosome fragmentation and apoptosis, thus serving as a therapeutic strategy (Flynn et al., 2015). But there is still an absence of a well-established approach to depleting TERRA levels (Gala and Khattar, 2021). Given that TERRA expression is cell cycle-regulated, such a treatment’s effectiveness would likely depend on functional checkpoints. We consider that an adequate TERRA-mediated treatment should not focus on the transcription of the lncRNA but rather on the effects of its accumulation. The primary goal of this TERRA-focus treatment would be to indirectly induce accelerated telomere attrition, hinder cell division and induce either cellular senescence or mitotic catastrophe; this scenario could slow tumor growth and temporarily reduce cancer aggressiveness.
It is essential to consider which telomere maintenance mechanism is active before using any telomere-focused therapy because the expression of hTERT or homologous recombination in ALT cells can influence the outcome of those treatments (Oliva-Rico and Herrera, 2017; Gala and Khattar, 2021). TERRA expression is already upregulated in ALT-dependent tumor cells, evidencing its oncogenic role (Azzalin et al., 2007; Gala and Khattar, 2021), so a practical approach like reducing the effect to the ribonuclease RNaseH1 or depleting its expression (Figure 3), would favor the buildup of TRLs (Arora et al., 2014). These structures already occur in human cells under physiological levels of TERRA expression (Toubiana and Selig, 2018). Therefore, under tumorigenic conditions, the elevated transcription of TERRA is more likely to trigger the deleterious effects of TRLs in the cells with a higher proliferation rate. In telomerase-dependent tumor cells, TERRA can behave as a tumor suppressor, and therefore, its expression is considerably lower (Azzalin et al., 2007; Gala and Khattar, 2021); in these cells, TERRA transcription can be prompted by the use of Trichostatin A or 5-aza cytidine (5-AZC) (Figure 3), both drugs reported to induce an accumulation of TERRA (Azzalin and Lingner, 2008).
[image: Figure 3]FIGURE 3 | The telomeres in eukaryotic cells protect the extremes of the linear chromosomes. Note that the canonical telomeric sequence (5′-TTAGGG-3′) degenerates into associated repeats towards the chromosome sequence. The lncRNA TERRA forms R-Loops in the telomeric tract to increase telomere protection. Still, a potential therapeutic application can derive from R-Loop accumulation by inducing senescence/apoptosis. hTERT + tumor cells treated with 5-azacytidine or trichostatin will increase TERRA transcription; ALT + tumor cells treated with RNHIs will not be able to dismantle DNA/RNA hybrids. Both treatments can lead to telomeric R-Loop accumulation, DNA damage, telomere shortening, and arresting cell division.
lncRNAs in regulating the response to DNA damage
PANDA
Genome maintenance requires DNA surveillance for the detection and repair of DNA damage. p53 is considered the guardian of the genome because it participates in different mechanisms of the DDR. Recently, different lncRNAs have been described whose function is directly related to the activity of p53. The p21-associated ncRNA DNA damage activated (PANDA) is a transcriptional target of p53 expressed in response to DNA damage (Hung et al., 2011; Shi et al., 2019). PANDA inhibits apoptosis by preventing the transcription factor NF-YA from binding to its targets, which include apoptotic genes (Hung et al., 2011). In addition, the interaction of PANDA with SAFA (an RNA- and DNA-binding protein) promotes cell proliferation through the activity of cyclins D1/2 and E1 (Shi et al., 2019). It has been proposed that PANDA regulates proliferation and senescence by forming complexes with proteins. In proliferating cells, it binds to the SAFA protein and negatively regulates different genes, including p21 and PANDA expression. On the other hand, when senescence is promoted, PANDA binds to the NF-YA factor inhibiting apoptosis of senescent cells (Puvvula et al., 2014). As mentioned above, the function of PANDA can be antagonistic according to the cellular context. Likewise, its expression is either decreased or increased in different tumor types. Some studies have found decreased PANDA levels relative to adjacent tissue in cellular hepatocarcinoma tumors (Puvvula et al., 2014; Peng et al., 2017), while others have demonstrated overexpression (Peng and Fan, 2015). Despite the conflicting data, both overexpression and underexpression of PANDA may contribute to tumor development and aggressiveness. PANDA down-regulation has been described in breast tumors, lung cancer, lymphoma, papillary thyroid carcinoma, and gastric cancer (Wang et al., 2017a; Esfandi et al., 2019; Zhang et al., 2020b; Ghafouri-Fard et al., 2022; Islam et al., 2022). On the other hand, an increase in PANDA expression has been reported in colorectal cancer tumors, glioma, thyroid gland carcinoma, renal cell carcinoma, cholangiocarcinoma, osteosarcoma, bladder cancer, and cervical cancer (Huang et al., 2017; Zou et al., 2018; Rivandi et al., 2019; Qing et al., 2021; Guo et al., 2022). In diffuse large B-cell lymphoma, an association was found between PANDA down-regulation and response to rituximab (Wang et al., 2017a; Ghafouri-Fard et al., 2022). Furthermore, in cell lines, PANDA knockdown was also found to sensitize cells to doxorubicin treatment (Hung et al., 2011). Moreover, in esophageal squamous carcinoma tissue, a higher expression of PANDA was reported compared to adjacent tissue related to tumor invasion, metastasis, and stage (Figure 4). This finding was associated with SAFA regulation by PANDA (Shi et al., 2019). Despite the evidence of PANDA regulation by p53, it is unclear whether it functions in the regulation of apoptosis and proliferation or may be involved in other processes of DNA damage responses.
[image: Figure 4]FIGURE 4 | lncRNAs participate in the p53 pathway downstream and upstream of p53. Four lncRNAs are depicted relative to p53, along with the identified consequences of their expression (green arrows) or repression (red arrows), be it experimental or naturally occurring in cancer.
DINO
The expression of the Damage Induced Noncoding (DINO) RNA is also regulated by p53; furthermore, DINO stabilizes p53 and participates in the DNA damage response by regulating the expression of p53 targets (Schmitt et al., 2016). In vivo models have shown that DINO deletion promotes the development of spontaneous tumors independently of p53 status (Figure 4). Furthermore, tumors caused by DINO knockout are tissue-specific (Marney et al., 2022). Using the TCGA Pan-Cancer database, it was found that many tumors have methylation in the CpG shore downstream of the DINO TSS associated with lower expression, which would explain the low mutation rate in this gene (Marney et al., 2021). In tumors of patients with gastric cancer, DINO is downregulated compared to adjacent tissue (Liu et al., 2019).
LincRNA-p21
The lncRNA lincRNA-p21 is another p53-regulated RNA. It was described as a lncRNA that participates in the p53 pathway by repressing specific genes in complex with hnRNP-K (Huarte et al., 2010). However, many functions have been described for lincRNA-p21, such as direct interaction with MDM2 (a negative p53 regulator) and p53, transcription of p21, cell proliferation regulation, metastasis, and intercellular communication (Dimitrova et al., 2014; Huang et al., 2022). LincRNA-p21 is inhibited in different malignant tumors, including colorectal carcinoma, breast cancer, cervical carcinoma, skin cancer, hepatocellular carcinoma, non-small cell lung carcinoma, head, and neck squamous cell carcinoma, gastric cancer, prostate cancer, and chronic lymphocytic leukemia (Wang et al., 2017b; Wang et al., 2017c; Huang et al., 2022). Estrogen receptor alpha (ER-alpha) mediated downregulation of lincRNA-p21 has been associated with chemotherapy resistance in breast cancer (He et al., 2021). In vitro studies have shown that lincRNA-p21 expression enhances the sensitivity of gastric cancer cells to ionizing radiation (Chen et al., 2019). However, another study showed that lincRNA-p21 knockdown promoted radiosensitivity in glioma cells (Figure 4) (Shen et al., 2017).
MEG3
Other lncRNAs can act upstream of p53 and regulate its function. Maternally expressed gene 3 (MEG3) is a lncRNA that regulates p53 directly and indirectly. MEG3 inhibits the binding of p53 to MDM, promoting p53 stability and, on the other hand, stimulates p53 expression (Ghafouri-Fard and Taheri, 2019). MEG3 is downregulated in different tumors, such as breast, liver, glioma, colorectal, cervical, gastric, lung, ovarian, osteosarcoma, kidney, bladder, prostate, melanoma, retinoblastoma, thyroid, leukemia, and lymphoma (Al-Rugeebah et al., 2019; Ghafouri-Fard and Taheri, 2019). Moreover, MEG3 expression increases the sensitivity of cancer cells to different therapies. In ovarian cancer tumors, there is a correlation between the downregulation of MEG3 and the response to cisplatin chemotherapy (El-Khazragy et al., 2020). Furthermore, in small-cell lung cancer (SCLC) cells, MEG3 expression increases sensitivity to cisplatin (Sun et al., 2022). In breast cancer patients, a decrease in MEG3 expression was associated with methylation of the gene promoter of MEG3 (Li et al., 2020). Accordingly, in breast cancer cell lines, MEG3 expression increases sensitivity to paclitaxel (Figure 4) (Zhu et al., 2020).
CONCLUSION
The number of lncRNAs that have been described as associated with genome stability has increased recently; however, the functional association is still unknown, and the role of lncRNAs inducing genomic instability has been poorly explored in several cancers. On the other hand, Its role in other hallmarks of cancer, such as uncontrolled proliferation, resisting cell death, and activating invasion and metastasis, is better understood. In addition, the lncRNAs have pleiotropic effects, which makes it difficult to determine if their activity in the mechanisms of resistance and sensitivity to cancer treatment is related to their function in the stability of the genome or is due to independent mechanisms influencing the development of cancer. A better understanding of lncRNAs functions in the process of carcinogenesis may provide new insights into cancer treatment and allow us to propose the lncRNAs as possible biomarkers in specific neoplasms for clinical prognosis.
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Objective: Studies have demonstrated an association between somatic POLE exonuclease domain mutations (EDMs) and the prognosis of colorectal cancer (CRC). However, the prognostic value of POLE non-EDMs remains unclear. This retrospective study aimed to explore the possible relationships between POLE mutation subtypes and CRC prognosis.
Methods: The 272 CRC patients from the First Affiliated Hospital of Zhengzhou University (ZZ cohort) and 499 CRC patients from The Cancer Genome Atlas database (TCGA cohort) were retrospectively collected. The cases were divided into subgroups based on POLE mutation sites and microsatellite instability (MSI) status. The continuous variables were compared among three subgroups with Kruskal-Wallis tests. Pairwise comparisons between three groups were performed by Bonferroni correction method, and adjusted p < 0.05 was considered statistically significant. The categorical variables were compared with Chi-square test and Fisher’s exact test. The Kaplan—Meier curves and Cox regression models were conducted to evaluate prognostic values of POLE mutations.
Results: In the ZZ cohort, POLE EDMs (2.6%) were significantly associated with younger age (p = 0.018) and localized in the left colon (p = 0.001). POLE non-EDMs were significantly associated with MSI-high status (p < 0.001) and localization in the right colon (p = 0.001). In the TCGA cohort, the tumor mutation burden (TMB) of both POLE EDM tumors (p < 0.001) and POLE non-EDM tumors (p < 0.001) was significantly higher than that of POLE wild-type (WT) tumors. A similar trend was observed in the ZZ cohort, although there were no significant differences. In the ZZ cohort, the POLE EDM group had higher progression-free survival (PFS) (p = 0.002) and overall survival (OS) (p = 0.042) than the POLE non-EDM group and POLE WT group. We also report one CRC patient harboring a germline POLE mutation who received camrelizumab and exhibited long-term stable disease.
Conclusion: Both POLE-EDMs and POLE non-EDMs were associated with significantly increased TMB in CRC and may be biomarkers for CRC treatment and prognosis. Current evidence does not support an effect of POLE non-EDMs on PFS and OS. A significant association between POLE EDMs and improved PFS and OS may exist, but future studies with larger sample sizes are needed. Entire coding region of the POLE gene should be screened.
Keywords: colorectal cancer, POLE mutation, polymerase epsilon, immunotherapy, prognosis
INTRODUCTION
The global incidence and mortality of colorectal cancer (CRC) rank first among gastrointestinal cancers (Sung et al., 2021). The poor prognosis of CRC is mainly due to its insidious onset, as approximately 25% of patients have metastasized CRC at the time of diagnosis, resulting in limited treatment options (Andre et al., 2015; Bryan et al., 2018). CRC is a highly heterogeneous cancer that develops mainly by affecting the expression and behavior of genes related to cell growth and differentiation (Fearon, 2011). In recent years, increasing studies have indicated that mutations in the DNA polymerase gene POLE mutation may be important for guiding CRC management, and are a potential biomarker for treatment and prognosis (Huhns et al., 2020).
The nuclear DNA replication-repair-associated polymerases Pol α, Polδ and Polε all belong to the polymerase B family (Doublie and Zahn, 2014). During replication, the main function of POLε is to lengthen the leading strand. The catalytic subunit of POLε has 5′ to 3′ DNA polymerase activity and 3′ to 5′ exonuclease activity and is capable of the timely removal of erroneous bases generated during replication to ensure the fidelity of DNA replication. This catalytic subunit is encoded by POLE (Henninger and Pursell, 2014). In 2012, The Cancer Genome Atlas (TCGA) exome sequencing project conducted a complete genome analysis of 224 CRC cases and showed that POLE mutation is closely related to an ultra-hypermutated phenotype (TMB >100 mut/Mb) (Cancer Genome Atlas, 2012). Subsequently, several studies have shown that CRC patients carrying POLE mutations often have TMB and infiltration of immune cells in tumors (Forgó et al., 2020; Picard et al., 2020). The aggregation of epitopes in tumors makes them more susceptible to immune checkpoint inhibitors (ICIs). To date, microsatellite instability-high (MSI-H)/deficient mismatch repair (dMMR) is the only widely recognized specific biomarker related to the positive effect of ICIs in CRC treatment (Andre et al., 2020). However, only 5% of CRC patients have MSI-H/dMMR (Battaglin et al., 2018). POLE mutations have the potential to serve as a specific biomarker to screen for candidates who may benefit from ICIs. In addition, similar to MSI in nonmetastatic CRC, POLE mutations also imply lower recurrence and metastasis rates. For stage II CRC patients whose need for adjuvant therapy is still controversial, POLE mutations indicate a better prognosis and may be important evidence for guiding treatment decisions.
In the predictions of treatment and prognosis of CRC, somatic POLE mutations have been reported to be a promising candidate biomarker. However, most studies have focused on POLE exonuclease domain mutations (EDMs) or individual mutation points. The significance of POLE non-EDMs in CRC remains unclear. Thus, this retrospective study investigated the clinical characteristics and prognostic value of POLE mutation subtypes in a real-world dataset. A similar analysis was carried out in a TCGA dataset, and the results of the two cohorts are compared and discussed.
METHODS
Patients
The Chinese cohort included 272 CRC patients treated at The First Affiliated Hospital of Zhengzhou University (ZZ cohort) between January 2016 and December 2020. The latest follow-up date was 1 March 2021. All patients were pathologically diagnosed with primary CRC by tissue biopsy and underwent NGS. Ethics committee approval was obtained from the institutional research ethics board (NO. 2021-KY-1040-002). Data from 499 CRC patients in the TCGA database (PanCancer Atlas) (TCGA cohort) were downloaded (15 January 2022) and included in the statistical analysis (http://www.cbioportal.org/). Patients with insufficient information, including POLE status and follow-up information, were excluded. The following factors were extracted for statistical analysis: age, sex, MSI status, pathology, tumor location, tumor differentiation, clinical stage at the time of diagnosis, depth of tumor invasion, lymph node metastases, and hazard factors.
DNA sequencing
The genomic profiling was conducted by a hybridization capture-based NGS assay using a commercial panel consisting of 520 cancer-associated genes (OncoScreen Plus, Burning Rock Biotech), spanning 1.64 Mb of the human genome (Wang et al., 2022). Tissue DNA was fragmented using Covaris M220 (Covaris, MA, United States) followed by end repair, adapter ligation and purification of fragments with sizes between 200 and 400 base pairs. Fragment size and quality were assessed with high-sensitivity DNA kit using Bioanalyzer 2100 (Agilent Technologies, CA, United States). Subsequently, the Indexed samples were sequenced on the NovaSeq 6000 platform (Illumina, Inc., CA, United States) with 150-base pair read lengths.
Sequence data were analyzed using the Burning Rock analysis system. Concisely, raw reads were aligned to the reference human genome (hg19) using Burrows-Wheeler Aligner (version 0.7.10). Variant calling was implemented using VarScan (version 2.4.3) with the following filtering steps to retain high-confidence variants: loci with depths ≥100, at least eight supporting reads for single nucleotide variations (SNVs), at least two and five supporting reads for Indel variants. Single nucleotide polymorphisms (SNPs) were all removed.
TMB and MSI calculation
TMB was defined as the number of non-synonymous variants per megabase of genome examined, and was estimated using the OncoScreen Plus panel (OncoScreen plus, Burning Rock, Guangzhou, China) with a total size of 1.003 Mb of coding regions. Hotspot variants, copy number variations, structural variants, and germline SNPs are not counted.
MSI status of tumor and plasma samples was determined using a read-count-distribution-based approach that utilizes a given set of repeat lengths of coverage as the prime characteristic of each microsatellite locus. A locus is classified as unstable if more than 30% of the total number of microsatellite markers in the sample is below this threshold.
Statistical analysis
Overall survival (OS) was defined as the time from histological diagnosis of CRC to death. Progression-free survival (PFS) was defined as the time from first-line therapy to the first tumor progression or recurrence. The end date was defined as the date of the last follow-up visit if there was no cancer recurrence or death. Continuous variables are described as the mean and standard deviation or the median and the interquartile range. Categorical variables are described with frequencies and percentages. The continuous variables (age at diagnosis, TMB) were compared among POLE EDM, POLE non-EDM and POLE WT groups with Kruskal-Wallis tests. Pairwise comparisons between three groups were performed using the Bonferroni correction method, and an adjusted p value < 0.05 was considered statistically significant. The same method was used to compare TMB levels among POLE non-EDM (MSI-L/MSS), POLE WT (MSI-H) and POLE WT (MSI-L/MSS) groups. The categorical variables were compared among POLE EDM, POLE non-EDM and POLE WT groups with Chi-square test and Fisher’s exact test. Survival function curves were generated using the Kaplan-Meier method (Ying et al., 2021). Survival differences among groups were evaluated by the log-rank test. Univariate and multivariate Cox regression models were employed to evaluate the prognostic value of POLE mutations for OS and PFS(Burke et al., 2017). All statistical analyses were performed with SPSS version 23.0 software (IBM, Chicago, IL). A two-tailed p value < 0.05 was considered statistically significant.
RESULTS
Molecular characteristics of POLE mutations
The protein distribution of POLE mutations is shown in Figure 1. In the ZZ cohort, the somatic POLE mutation rate was 7.7% (21 out of 272), including 2.6% (7 out of 272) of POLE EDMs and 5.1% (14 out of 272) of POLE non-EDMs. Five of the seven POLE EDMs were known pathogenic mutations (V411 L in 1 case, P286R in 4 cases). A mutation of unknown significance (E396 fs) was detected in 2 cases (Figure 1A). The location and genetic characteristics of each POLE mutation are shown in Table 1. Compared with POLE WT tumors, POLE non-EDM tumors were mainly MSI-H (p < 0.001). Most POLE EDM tumors were MSI-L/MSS; however, the difference was not significant.
[image: Figure 1]FIGURE 1 | Protein distribution of POLE mutations. POLE ED including 86 to 427 amino acids (http://pfam.xfam.org/protein/DPOE1_HUMAN). (A) POLE mutations in the ZZ cohort, except 2 cases with intronic deletion in exon 25 and 1 case with long fragment insertion in exon 29 (the specific amino acid sites are unknown); (B) POLE mutations in the TCGA cohort. Recurring protein changes are labeled.
TABLE 1 | POLE variants in the ZZ cohort.
[image: Table 1]In the TCGA cohort, the somatic POLE mutation rate was 6.6% (33 out of 499), including 1.8% (9 out of 499) of POLE EDMs and 4.8% (24 out of 499) of POLE non-EDMs. The 9 POLE EDMs comprised 5 known pathogenic POLE mutations (P286R, 2 cases; V411 L, 3 case). E396fs was also detected in one case (Figure 1B). Compared with POLE WT tumors, POLE non-EDM tumors were mainly MSI-H, and POLE EDM tumors were mainly MSI-L/MSS (p < 0.001).
In the TCGA cohort, compared with POLE WT tumors, both POLE EDM tumors (median TMB = 115.3 mut/Mb, p < 0.001) and POLE non-EDM tumors (median TMB = 64.2 mut/Mb, p < 0.001) exhibited a significantly increased TMB. A similar trend was observed in the ZZ cohort; however, in the pairwise comparisons, the Bonferroni corrected p values indicated no significant difference between each pair of groups (p > 0.05).
Given that POLE non-EDM tumors are mostly MSI-H (ZZ cohort p < 0.001; TCGA cohort p < 0.001), this study further compared the TMB level among the POLE non-EDM (MSI-L/MSS), POLE WT (MSI-H) and POLE WT (MSI-L/MSS) subgroups to explore whether the high TMB in the POLE non-EDM group should be attributed to POLE non-EDM or MSI-H status. Since only 1 case with POLE non-EDM (MSI-L/MSS), in the ZZ cohort, the difference of TMB levels among groups including POLE non-EDM (MSI-L/MSS), POLE WT (MSI-H) and POLE WT (MSI-L/MSS) were only explored in the TCGA cohort. The results showed that both the POLE non-EDM (MSI-L/MSS) group (median TMB = 93.2 mut/Mb, p = 0.015) and the POLE WT (MSI-H) group (median TMB = 36.4 mut/Mb) (p < 0.001) had significant higher TMB levels than the POLE WT (MSI-L/MSS) group (median TMB = 3.3 mut/Mb). The first two groups had similar TMB levels (p = 0.613), and both tended to be hypermutated phenotypes (Table 2).
TABLE 2 | Clinicopathological characteristics according to POLE mutation status.
[image: Table 2]Clinicopathological features of CRC with somatic POLE mutations
In the ZZ cohort, the POLE EDM group had younger age at diagnosis (p = 0.018) and more frequent left-sided tumor localization (p = 0.002). Right-sided tumor localization was more frequent in the POLE non-EDM group (p = 0.001). Most POLE EDM tumors were diagnosed at an early stage and had a low risk of recurrence. Among POLE EDM tumors, 3 at stage II (42.9%, p = 0.536), 5 at pT3 (71.4%, p = 0.744), 5 at N0 (71.4%, p = 0.728), 6 at M0 (85.7%, p = 0.247) and 6 had no hazard factors (85.7%, p = 0.181).
In the TCGA cohort, POLE EDM mostly occurred in male patients (p = 0.013). Patients with POLE non-EDM tumors more frequent had right-sided tumor localizations (p = 0.010) and adenocarcinoma histology (p = 0.004). Among POLE EDM tumors, there were 6 at stage II (66.6%, p = 0.207), 7 at pT3 (77.7%, p = 0.334),7 at N0 (77.7%, p = 0.305) and 8 at M0 (88.9%, p = 0.805). The detailed clinicopathological features of patients in the ZZ cohort and TCGA cohort are summarized in Table 2.
Prognostic value of POLE mutations
All patients were divided into 3 subgroups: the POLE EDMs, POLE non-EDMs and POLE WT groups. In the ZZ cohort, the 272 CRC patients were followed for a median of 16.8 months. Since no patients in the POLE EDM group had progressed by the last follow-up, the median PFS was not reached. Based on the stratified log-rank test, the PFS rate of the POLE EDM group was significantly higher than that of the POLE non-EDM (median = 22.0 months, χ2 = 5.407, p = 0.020) and POLE WT groups (median = 14.6 months, χ2 = 8.830, p = 0.003) (Figure 2A). The OS of the POLE EDM group and POLE non-EDM group were not reached. There was no significant difference in OS among these three groups (p = 0.056) (Figure 2B).
[image: Figure 2]FIGURE 2 | Kaplan-Meier survival curves of patients in the ZZ cohort according to POLE mutation status. PFS (A) and OS (B) of POLE EDMs, non-EDMs and WT patients in the ZZ cohort.
POLE WT group was further subdivided into the POLE WT (MSI-L/MSS) subgroup and the POLE WT (MSI-H) subgroup. Based on the Kaplan-Meier analysis, both the POLE EDM group (χ2 = 9.845, p = 0.002) and the POLE WT (MSI-H) group (χ2 = 7.036, p = 0.008) showed improved PFS compared to the POLE WT (MSI-L/MSS) group (median = 13.3 months) (Figure 3A). In analyses that used OS as the end point, the POLE EDM group (χ2 = 4.125, p = 0.042) and the POLE WT (MSI-H) group (χ2 = 6.032, p = 0.014) also showed better outcomes than the POLE WT (MSI-L/MSS) group (median = 38.2 months) (Figure 3B). The prognosis of the POLE EDM group and POLE WT (MSI-H) group was similar. The PFS and OS of the POLE EDM group and POLE WT (MSI-H) group were not reached.
[image: Figure 3]FIGURE 3 | Kaplan-Meier survival curves of patients in the ZZ cohort according to POLE mutation and MMR status. PFS (A) and OS (B) of patients in the POLE EDM, POLE WT (MSI-H) and POLE WT (MSI-L/MSS) groups.
In this study, POLE non-EDM tumors were mostly MSI-H (ZZ cohort p < 0.001; TCGA cohort p < 0.001). To exclude the effect of the interaction of MSI and POLE non-EDMs on PFS, the Kaplan—Meier survival curves of the POLE non-EDM (MSI-L/MSS) group, POLE WT (MSI-H) group, and POLE WT (MSI-L/MSS) group were compared with pairwise comparisons to explore the influence of POLE non-EDMs alone. In the ZZ cohort, PFS exhibited similar trends in the POLE non-EDM (MSI-L/MSS) group (median = 13.3 months, χ2 = 0.131, p = 0.718) and POLE WT (MSI-L/MSS) group (median = 13.3 months) (Figure 4A). Similarly, here was no significant difference between the POLE non-EDM (MSI-L/MSS) group (median = 13.3 months, χ2 = 1.361, p = 0.243) and the POLE WT (MSI-L/MSS) group (median = 38.2 months) on OS (Figure 4B). With the univariate and multivariate Cox regression models, POLE EDM and POLE non-EDM were both prognostic protective factors (HR<1) without statistical significance levels (Table 3, Supplementary Table S1). Distant metastasis and advanced clinical stage (stage III-IV) were independent risk factors for shortened PFS while age ≥60 and poor differentiation (G3) were independent risk factors for shortened OS.
[image: Figure 4]FIGURE 4 | Kaplan-Meier survival curves of patients in the ZZ cohort according to POLE mutation and MMR status. PFS (A) and OS (B) of patients in the POLE non-EDM, POLE WT (MSI-H) and POLE WT (MSI-L/MSS) groups.
TABLE 3 | Multivariate Cox regression models of PFS and OS.
[image: Table 3]In the TCGA cohort, the median follow-up periods of 499 CRC patients was 22.0 months. The similar analyses were also performed among these three subgroups in the TCGA cohort; however, there were no significant differences on PFS and OS among the groups. With the univariate and multivariate Cox regression models of the TCGA cohort, POLE EDM and POLE non-EDM were both prognostic risk factors (HR>1) without statistical significance levels (Table 3, Supplementary Table S2). Lymph node metastasis and pT4 were independent risk factors for shortened PFS. Distant metastasis, pT4 and age >60 years are independent risk factors for shortened OS.
A patient with an inherited germline POLE mutation treated with camrelizumab
Polymerase proof-reading associated polyposis and Lynch-like syndrome are inherited cancer susceptibility syndromes associated with germline POLE mutations. (Elsayed et al., 2015; Vande Perre et al., 2019). Such patients often progressively develop CRC or extraintestinal tumors (Bellido et al., 2016). Identifying germline POLE mutations may help to understand the pathogenesis of CRC, reduce the morbidity and mortality, and guide treatment. The germline POLE mutations identified in CRC patients published from 2017 to 2020 are summarized in Table 4. There were two relatively rare cases in which p. V411L was previously described as a somatic hotspot alteration and p. V474I was located outside the ED. This study also reports a rare case.
TABLE 4 | Summary of germline POLE mutations in colorectal cancer reported in published articles (2017–2020).
[image: Table 4]A male patient with abdominal pain, abdominal distention, and difficulty defecating was referred to our center in December 2019. Medical imaging examination and tissue biopsy suggested bowel obstruction and rectal adenocarcinoma with multiple lymph node metastases. He received first-line treatment with an oxaliplatin plus capecitabine regimen. He developed adrenal metastasis 3 months later and was treated with bevacizumab. However, rectal occupation progressed soon after this addition, so the above regimen was stopped. Treatment with “FOLFIRI + bevacizumab” began on 16 April 2020; however, the effect was poor. The tumor continued to progress, and the patient presented with liver metastasis 2 months later. NGS results of a 41-gene panel suggested the presence of a POLE mutation (exon 45, S2084 fs), KRAS mutation (G12S), TP53 (R2084 fs) and MSS. The administration of anlotinib and camrelizumab began on 8 June 2020 and was continued until the last follow-up (6 December 2021), with no progression observed (PFS >18 months) (Figures 5, 6). The POLE mutation was an inherited germline mutation located outside the ED; this variant has not been previously identified in a large population database. According to the ACMG 2015 guidelines, this variant was evaluated as a hereditary variant with possible pathogenicity. The patient had MSS but received sustained long-term benefit from immunotherapy. It is believed that POLE mutation may be used to predict the response to ICIs.
[image: Figure 5]FIGURE 5 | Rectal magnetic resonance images of the POLE-mutant rectal cancer patient receiving camrelizumab and anlotinib. (A) Pre-immunotherapy; (B) 7 months post—immunotherapy; (C) 18 months post—immunotherapy. Red arrows indicate the same rectal tumor lesion.
[image: Figure 6]FIGURE 6 | Liver metastasis magnetic resonance images of the POLE-mutant rectal cancer patient receiving camrelizumab and anlotinib. (A) Pre-immunotherapy; (B) 1 month post—immunotherapy; (C) 3 months post—immunotherapy; (D) 7 months post—immunotherapy; (E) 9 months post—immunotherapy. The image of the metastasis 2 months after argon-helium cryoablation. Red arrows indicate the same liver metastases.
DISCUSSION
This study included mutations inside and outside of the POLE exonuclease domain. We aimed to explore the molecular pathological features and prognostic value of different POLE mutation subtypes. As previously reported, in the Asian population, POLE EDMs are mainly found in the left colon and relatively young CRC patients (Hino et al., 2019; Hu et al., 2021), whereas POLE non-EDMs are more common in the right colon.
Somatic POLE mutations were evenly located throughout the POLE gene with no apparent tendency to cluster as shown in Figure 1. In the ZZ cohort, the frequency of POLE EDMs was 2.6%, while the frequency of POLE non-EDMs was 5.1%; in the TCGA cohort, the frequencies were 1.8% and 4.8%, respectively. This finding is consistent with the previously reported frequency of POLE mutations in CRC (Campbell et al., 2017). Although the frequency of POLE mutations is low, its unique high immunogenicity has attracted widespread attention.
Tumors harboring POLE EDMs often manifest with a high TMB, which is associated with an enhanced intertumoral immune response and better outcome (Llosa et al., 2015). This discovery was first reported in the TCGA whole-exome sequencing project in 2012 and is a critical first step for moving treatment of toward precision therapy. In addition, some tumors harboring only POLE non-EDMs also exhibited elevated mutation burdens, such as C810 and E978. This study showed that both POLE EDMs and POLE non-EDMs were associated with significantly increased TMB (Table 2). Since the POLE EDM tumors in this study were mostly MSI-L/MSS, and the POLE non-EDM tumors were mostly MSI-H, we analyzed the data again after excluding the interference of MSI status and still reached the same conclusion. POLE EDM tumors tended to have ultra-hypermutated phenotypes (TMB>100 mut/Mb), and POLE non-EDM tumors tended to have hypermutated phenotypes (TMB>10 mut/Mb). Although consistent with previous reports that POLE EDMs are predominantly MSS, this study identified 3 cases of CRC harboring both POLE E396fs and MSI-H (ZZ cohort, 2 cases; TCGA cohort, 1 case) (Stenzinger et al., 2014; Kawai et al., 2021). All 3 cases were stage II CRC with prolonged PFS. The significance of this mutation merits further study. This study indicated that mutation location is not a determining factor for the predictive value of POLE mutations. Thus, it is necessary to thoroughly assess POLE mutations throughout the coding region.
In tumors with MSI/dMMR or POLE mutations, the production of new antigens is caused by a large accumulation of nonsynonymous substitution and/or frameshift mutations. Major histocompatibility complexs can present these new antigens to the immune system, thereby enhancing the immune system’s attack on tumor cells. In recent years, several patients with both POLE EDMs and MSS have been reported to obtain clinical benefit from ICI treatment (Guerra et al., 2017; Keenan et al., 2021). A study of a cohort of 295 patients with stage II CRC indicated that POLE mutant tumors have significantly elevated mutation levels (Domingo et al., 2016). These patients have a better prognosis and may not require adjuvant treatment. Studies have indicated that the predicted amount of new antigens in MSI/dMMR tumors is 10–50 times those in MSS tumors, and in POLE mutant tumors produce 15 times the amount of new antigens compared to that of MSI/dMMR tumors (Shinbrot et al., 2014; Howitt et al., 2015). Therefore, the prognosis and treatment response of CRC patients with POLE mutations may be improved and enhanced.
MSI and POLE mutations have similar effects on tumors. To exclude the influence of MSI status and thus determine the prognostic value of POLE mutation itself, this study conducted 3 subgroup analyses according to POLE mutation and MSI status. Additionally, the prognostic value of MSI status and POLE mutation was compared.
First, this study divided all patients into three groups: the POLE EDM, POLE non-EDM and POLE WT groups. In the ZZ cohort, we found that POLE EDM tumors were less prone to recurrence or progression than POLE WT tumors (Figure 2A). POLE non-EDM tumors did not show a PFS advantage. Moreover, no difference in OS was observed among the groups (Figure 2B). Subsequently, we divided the patients into POLE EDM, POLE WT (MSI-H) and POLE WT (MSI-L/MSS) subgroups. In the ZZ cohort, POLE EDM and POLE WT (MSI-H) tumors had better OS and PFS outcomes than POLE WT (MSI-L/MSS) tumors (Figure 3). POLE EDMs and MSI-H status had similar roles in improving the prognosis of CRC. Finally, we divided the patients into POLE non-EDM (MSI-L/MSS), POLE WT (MSI-H) and POLE WT (MSI-L/MSS) subgroups. POLE non-EDM tumors did not show improvement or deterioration of PFS or OS in the ZZ cohort (Figure 4). Based on the above subgroup analyses, POLE EDMs and MSI-H statue improve clinical outcomes to a similar degree. Currently, POLE non-EDMs do not demonstrate this beneficial effect.
In the univariate and multivariate Cox regression models, POLE EDMs and POLE non-EDMs were both protective factors for PFS and OS prolongation (HR<1) in the ZZ cohort but did not reach statistical significance levels (Table 3). We considered that the accuracy and validity of the Cox regression model was reduced due to the high proportion of censored data for most patients who did not reach the clinical outcome of PFS or OS.
In this study, the above 3 subgroup analyses were also performed in the TCGA cohort; however, POLE mutations did not show an effect on the PFS or OS outcomes. Paradoxically, POLE mutation may be a risk factor for reduce PFS and OS in the TCGA cohort (HR > 1). It should be noted that the cases in the TCGA cohort were diagnosed from 1998 to 2013. However, the clinical application of ICIs has only gradually been realized in the past 5 years. POLE mutations and MSI-H statue are both factors closely related to the effect of immunotherapy. Therefore, the above contradictory results are likely related to the application of ICIs. In addition, it is worth noting that only 12 (2.4%) cases in the TCGA dataset were Asian, and the differences between ethnic groups cannot be ignored.
Somatic POLE mutations have the potential to guide personalized treatment, thereby improving clinical outcomes. The discovery of germline POLE mutations is highly important for reducing the incidence of CRC. Esteban et al. reported a germline POLE mutation (V474I) located outside the ED (Esteban-Jurado et al., 2017). This study also identified a potentially pathogenic germline POLE non-EDM (S2084 fs). This metastatic rectal cancer patient progressed rapidly after early treatment but obtained continued benefits after receiving camrelizumab and anlotinib (PFS >18 months). Interestingly, after two cycles of application of this regimen, MRI scans showed that the metastasis in the right lower lobe of the liver first increased and then gradually decreased and remained stable after continuous administration (Figure 6). We suggested the efficiency of ICI treatment should not be evaluated too soon after application due to the temporary increase in reactivity.
This study excluded the effect of MSI status on tumors and extended the scope of the study to the entire region of the POLE gene. We fully analyzed the clinico-molecular pathological features of POLE EDM tumors and POLE non-EDM tumors and the prognostic impact of POLE mutation subtypes from different aspects. In addition, this study compared the difference between the effects of POLE mutation and MSI status on CRC. Our study also had a few limitations. First, patients with POLE mutations had a high survival rate and PFS rate, and the insufficient follow-up time resulted in insufficient statistical power for some subgroups. We need to continue to closely follow-up with these patients. Second, the total number of POLE mutation was small, and additional studies are required to verify the applicability of the findings in this study. Third, racial differences in the clinical characteristics and prognosis of CRC patients with POLE mutations should be explored further in future studies.
In conclusion, both POLE EDMs and POLE non-EDMs were associated with significantly increased TMB in CRC, which is an important biomarker for CRC treatment and prognosis. It is also necessary to study the entire region of the POLE gene. POLE EDMs may be significantly associated with prolonged PFS and OS; however, the evidence is currently insufficient. Future studies need larger sample sizes to provide more data. The current data do not support the impact of POLE non-EDMs on CRC prognosis. Future studies need to eliminate the interference caused by ethnicity and treatment to analyze the specific role of POLE genes more accurately.
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Nole: DEGs, differentially expressed genes: LUAD, lung adenocarcinoma.

Normal

46.25523982
0.049236775
10.57165139
0.000683999
1.908949012
0.222337618
0.344120878
0.852870206
8.445666361
17.25153837
0.269006771
0.372781618
3.891805777
1.234203422
0.011849034
1.273108254
0.172913296
0.033011161
13.51064369
0.074374208
0.85272533
0.236332784
10.26568279
2.556918658
0.00486791
5.164310546
0.577680656
18.53023779
0011111517
1.559918253
28.89106922
0.008305728
0.49372022
0.34123397
0.562161788
0.004497974
3.623312266
0.273728493
0.0328767
1.174265463

LUAD

14.52732521
0.421586942
5.023807106
0.00931391
0.719293508
0.7371236
0.952886641
5.110213706
37.68516834
46.31649801
13.52854628
5.481985943
1.047588969
0.368546929
0.281894217
20.86271818
12.74525631
0.096082436
28.90555188
1.225321
7.724280418
4.310917397
2.588697597
0.390156367
0.25059112
1.361228429
5.911287315
1.012544663
0.084740592
9.505668682
6.982282146
0.038347433
1.502183329
2.031166595
6.770080245
0.803636906
34.33050626
50.59486695
1.159276664
20.82348939

logFC.

-1.670847708
3.098022011
-1.073347781
3.995349033
-1.40812608
1.729154488
1.469389171
2.682986518
2.153880305
1.424801159
5.652220522
3.878296003
-1.89336694
-1.783346333
4.572312488
4.034500134
6.203767768
1.541318843
1.097260884
4.042213541
3179247523
4.18910324
-1.986125195
-2.712281917
5.68588908
-1.92366657
3.355128264
-4.193823944
2.930997398
2.60731769
-2.048863037
2206951378
1.689240827
2.573475395
3.590111376
7.481124576
3.284486883
7.530101598
5.140015589
4.148381345

p value

5.93E-29
0.000194154
8.14E-21
8.77E-05
2.14E-14
0.001096623
2.16E-12
3.06E-08
7.65E-16
0.000129599
1.57E-25
1.13E-33
5.70E-30
1.39E-27
0.000492085
4.34E-35
4.26E-26
6.80E-08
5.56E-28
3.35E-18
3.47E-33
3.48E-28
1.07E-12
1.80E-23
4.03E-31
2.46E-22
2.65E-34
3.12E-34
4.25E-13
3.27E-29
2.94E-28
1.22E-10
6.69E-21
6.85E-15
8.17E-33
3.09E-09
0.018253344
3.24E-14
0.006154793
4.56E-23
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Type

BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
BP
cc
cc
cc
cc
cC
cC
cC
cc
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF
MF

Term

one-carbon metabolic process

bicarbonate transport

oxidation-reduction process

daunorubicin metabolic process

doxorubicin metabolic process

cell proliferation

G2/M transition of mitotic cell cycle

collagen catabolic process

extracellular matrix disassembly

positive regulation of protein localization to nucleus
positive regulation of reactive oxygen species metabolic process
mitotic nuclear division

mitotic nuclear envelope disassembly

retinoid metabolic process

cellular response to jasmonic acid stimulus
anaphase-promoting complex-dependent catabolic process
Xenobiotic transport

Cytosol

midbody

spindle microtubule

extracellular space

nucleolus

kinetochore

extracellular region

proteinaceous extracellular matrix

carbonate dehydratase activity

protein kinase activity

ZinG ion binding

aldo-keto reductase (NADP) activity

electron carrier activity

metalloendopeptidase activity

serine-type endopeptidase activity
cyclin-dependent protein serine/threonine kinase activity
17-alpha,20-alpha-dihydroxypregn-4-en-3-one dehydrogenase activity
iron ion binding

ATP binding

protein homodimerization activity

endopeptidase activity

indanol dehydrogenase activity

collagen binding

protein serine/threonine Kinase activity
oxidoreductase activity

xenobiotic-transporting ATPase activity

retinal dehydrogenase activity

bile acid binding

oxidoreductase activity, acting on NAD(P)H, quinone or similar compound as acceptor

BP. biological procees: CC. calutar component: MF, malecular funclions.

Count

LX)

N RO NOOEZNONCD NG S SO ~N®GD

AR OO R B

>

PRRN A OGN N

p value

7.07E-09
5.26E-08
6.51E-06
1.46E-04
1.46E-04
1.83E-04
2.79E-04
4.38E-04
7.24E-04
0.001073426
0.002194392
0.002545347
0.004675418
0.008822724
0.009258647
0.014469739
0.016147767
2.15E-04
0.002628974
0.003988715
0.006820729
0.009188997
0.012998427
0.01886576
0.019
9.94E-11
1.60E-04
2.43E-04
5.36E-04
0.001165639
0.002239619
0.002761336
0.002784583
0.004615378
0.005253912
0.006038782
0.006175012
0.006899351
0.006915278
0.008459805
0.010776456
0.010944738
0.011499653
0.016063207
0.018337329
0.018337329
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Gene Coef
NEK2 0.38649321
TOP2A -0.29936995
PLK1 0.318594941
CA4 -0.330770782
CDK5R1 0.317598825
AURKB -0.232159508
F2 0.25208487

LUAD, fung adenccarcinoma.

HR

1.471810403
0741285121
1.375194177
0.718369814
1.373825006
0.792819652
1.286705236

HR.95L

1.018030893
0.657509892
0.984673167
0.662858176
1.067818786
0.607344339
1.084252134

HR.95H

2.127868671
0.985639248
1.920695674
0.916847638
1.767523828
1.034936791
1.626960668

p value

0.039880939
0.039448952
0.061575757
0.007873829
0.013497859

0.08774606
0.003900981
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Factor HR

Age 1.326933683
Gender 0.903890066
Stage 1.31286743

Tstage 1240751892
Mstage 0981885602
N stage 1.286736226
Riskscore  1.413904145

LUAD, lung adenocarcinoma.

HR.95L

0.958750713
0.652674012
1.047634521
1.003591762
0.805186207
1.006025223
1.254549916

HR.95H

1.836507629
1.251799881
1.645250185
1.533965653
1.19736196
1.64577396
1.593499713

p value

0.088022326
0.543052004
0.018073697
0.046251584
0.856690249
0.044664006
1.37E-08
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Signaling pathways

Cel cycle
DNA replication

Pyrimidine metabolism

Mismatch repair

Oocyte meiosis

Spliceosome

Homologous recombination

Base excision repair

Nudleotide excision repair

Pentose phosphate pathway

Pathogenic escherichia colf infection
One carbon pool by folate

Purine metabolism

Progesterone mediated oocyte maturation
Ubiqitin mediated proteolysis

Basal transcription factors

N giycan biosynthesis

Giyoxylate and dicarboxylate metabolism
P53 signaling pathway

Proteasome

RNA degradation

Riboflavin metabolism

Giycolysis gluconeogenesis

Fructose and mannose metabolism

ES. anvichment score: NES, normalized envichment score; GSEA, gene set envichment analysis.

Size

124
36
98
23
112
126
28
33
44
74
55
17
157
85
133
35
46
16
68
44
57
15
62
33

ES

0.70990354
0.8640126
0.5643264

0.80003977

0.51308024

0.61368227

0.74451005
0.6601333
0.5949838

0.61232996
0.5294746
0.6632114

0.41026247

0.45555255

0.45231605

0.57929325
0.5264223
0.6469504

0.44462463
0.6673461
05291112
0.5477243

0.43544966
0.4526228

NES

2.4423828
2.1761284
2162213
2.1095266
2.0650868
2.0249872
2.0070393
1.9689522
1.9288769
1.9147793
1.9063685
1.8398011
1.8340874
1.8318492
1.825182
1.820776
1.8005463
1.7673624
1.7558541
1.7501332
1.7469671
1.6133751
1.6784576
1.531549

0.002
0.002020202
0
0.001976285
0.00407332
0
0.006160164
0
0.002096436
0.007905139
0.003898636
0004201681
0.033797216
0.008247423
0.018036073
0.015968064
0.040935673
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Gene HR

ACHE 0.879992393
NEK2 1.341666075
TOP2A 1.18555718

CCNB2 1.274007559
TERT 1.540215074
PLK1 1.411101677
CA4 0.694066492
CDK1 1.279842754
PLA2G1B  0.880534921
CDK5R1 1.445138252
GPR35 1189343126
AURKB 1.169287666
F2 1.348451789

LUAD, lung adenocarcinoma.

HR.95L

0.77566432
1.158628429
1.051427252
1.101460121
1.073184817
1.209796055
0.5650670476
1.112209482
0.793089432
1.166379866
1.024742661
1.029066755
1.151870264

HR.95H

0.998352755
1.6536173
1.33679798
1.473793339
2.210488294
1.645903816
0.8748032
1.472741873
0.97762209
1.790618362
1.380382726
1.328615116
1678582487

p value

0.047081185
8.59E-05
0.005459325
0.001110962
0.019122856
1.16E-06
0.001983239
0.000571705
0.017122649
0.000758367
0.022515462
0.016413919
0.000200306
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HDAC-9

HDAC-6
HDAC-11
Trichostatin A (TSA) H1975 Class 1 HDAC-1 813 Not yet evaluated Tang et al. (2018),
HCC827 Classlb  HDAC-2 232 Meng et al. (2021)
PN N A549 HDAC-3 400
HDAC-6
ki
CAY10603 A549 Classlb  HDAC-6 10, 5 mg/kg Not yet evaluated Liu et al,, 2019,
HCC827 Wang et al. (2016¢)
H1975
C57BL/6 male mice
A549 Class 1 HDAC-1 822 Not yet evaluated Wang et al. (2016a)
NCI-H1299
MPTOE028 A549 Class T HDAC-1 1550 + 140 Not yet evaluated Chen et al. (2013)
o H1299 ClassTb  HDAC-2 1100 + 20
H1975 HDAC-8 1300 + 130
PCY/IR HDAC-6 1660 + 410
HOHN CLo7 1350 + 110
N
St A549 CDDP Class T HDAC-1 1380 Not yet evaluated Sun et al. (2019)
[} resistants HDAC-2 2320
@_{M—! o H460 CDDP 1390
é resistants
M H1299 cODP
resistants
Mocetinostat H23 Class 1 HDAC-1 1000 Phase II completed Briere et al. (2018)
Z N H1299 HDAC-2 (NCT02954991)
s H1437 HDAC-3
@/C‘ N H1703 HDAC-8
N \@ H1792
o HI838
H2122
CT26
Valproic acid (VPA) 1. AS49 Class T HDAC-1 105 Phase I-11 completed Kalantar et al, 2021
o Class Ila HDAC-2 68and 45 (NCT00084981,
HDAC-3 NCT00759824)
H HDAC-8
HDAC-4
HDAC-5
HDAC-7
HDAC-9
CUDC-907 H196 Class 1 HDAC-1 049 Not yet evaluated Ma et al. (2020)
SHP77 Class ITa HDAC-2 391
DMD273 Class1b  HDAC-3 355
Hade HDAC-8 1.69
H526 HDAC-4 100
H69 HDAC-5 222
H82 HDAC-7 222
DMS79 HDAC-9 883
H2066 HDAC-6 070
HDAC-10
Selisistat (EX527) A549 Class 111 SIRT 10,000 Not yet evaluated Chen et al. (2017a),
cl H1299 5000 Guo et al. (2021)
HI57
/R DMS$53 and Calu-1
cell lines
NH
H,NOC
YF454A A549 150 to 3500 Not yet evaluated Yu et al. (2017)
H1299

o9

Eos ans e

H1975 and PC9

Refs (Chen et al., 2013; WangLL. etal,, 2016; Wang et al., 2016¢; Chen G. etal., 2017; Shich et al. 2017; Yu etal., 2017; Wang L. et al, 2018; Jia et ., 2018; Tang et al,, 2018; Luo et al., 2019;
Sun et al., 2019; Ma et al., 2020; Zhang et al., 2020; Guo et al., 2021; Meng et al., 2021).
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Protein change

T457M
S314A
H342Y
G395E
N363K
V4al1L
V4741
E277G
T278K
L424V
1283
Met294Arg
Ala426Val

silent mut:

Nucleotide
substitution

€1370C>T
€940T>G
€1024C>T
C1184G>A
c1089C>A
€1231G>C
€1420G > A
c830A>G
c833C>A
€1270C>G
c849C > T
c881T>G
€1277C>T

MSI/MMR statue

NA
NA
PMMR
PMMR
MSS
MsS
PMMR
PMMR
PMMR
NA
MsS
PMMR
PMMR

n in codon pJ283 = (CTC >CTT).

EDM

<Kok < M Z o< << ==

Family history

NA

NA
NA

NA

NA

NA
NA

ACMG

Uncertain significance
Uncertain significance
Uncertain significance
Uncertain significance
Pathogenicity

likely pathogenic
likely pathogenic
Pathogenicity
Pathogenicity
Pathogenicity

likely pathogenic
likely pathogenic

Uncertain significance

Ref

Siraj et al. (2020)

Vande Perre et al. (2019)
Wimmer et al. (2017)
Esteban-Jurado et al. (2017)
Rosner et al. (2018)
Castellsague et al. (2019)
Elsayed et al. (2019)
Lasabova et al. (2019)

Mur et al. (2020)
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ZZ cohort

HR  95%CI
PFS
POLE
WT 1
EDM 0 0-3.638E+223

Non-EDM 0477 0.109-2.089

os
POLE
WT 1
EDM 0 0.000-#
Non-EDM 0 0.000-#

0.617
0.962
0.326

i
0.984
0.984

TCGA cohort

HR

2105
1.102

1
2991
1.766

95%CI

0.662-6.687
0.475-2.558

0.930-9.617
0.755-4.131

P

0.445
0.207
0.821

0.090
0.066
0.189

(0000- #): The mortality was extremely low in the POLE EDM group and POLE non-
EDM, group of the ZZ cohort, so the upper 95% Cl, could not be computed.
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Characteristics

Age, median (range)

TMB (Mut/mb), median
(range)

Sex
Male
Female

MSI status
MSI-H
MSI-L/MSS
Unknown

Pathology
Adenocarcinoma

Mucinous
adenocarcinoma

Others
Location
Left colon
Right colon
Rectum
Unknown
Grade
G2
G3
Unknown
Stage
1
1
1
v
NA
Depth of tumor invasion
T
T2
T3
T4
NA
Lymph node metastases
No
NI
N2
Unknown
Hazard factor
no
Perineural invasion

Vascular carcinoma
embolus

Both
Unknown

ZZ cohort

POLE EDM
(n=7)

400 (34.0-52.0)
175.9 (28.0--)

4(57.1%)
3 (429%)

2 (286%)
5 (71.4%)
0

5 (71.4%)
2 (28.5%)

6 (85.7%)
1(142%)
0
0

3 (42.9%)
3 (429%)
1(14.3%)

1 (14.3%)
3 (429%)
2 (286%)
1(14.3%)
0

0
1.(143%)
5 (71.4%)
1(14.3%)
0

5 (71.4%)
1(14.3%)
1(14.3%)
0

6 (85.7%)
0
1 (14.3%)

POLE
non-EDM
(n=14)

49.0 (35.75-59.5)
24.0 (19.6-40.2)

10 (71.4%)
4 (28.5%)

9 (64.2%)
4 (28.5%)
1(7.1%)

13 (92.8%)
1(7.1%)

5 (35.7%)
7 (50.0%)
2 (14.2%)
0

9 (64.2%)
2 (14.2%)
3 (21.4%)

1(7.1%)
3 (21.4%)
3 (21.4%)
7 (50.0%)
0

0
1(7.1%)

8 (57.1%)
2 (14.2%)
3 (21.4%)

6 (42.8%)
3 (21.4%)
3 (21.4%)
2 (14.2%)

7 (50.0%)
0
1(7.1%)

2 (14.2%)
4 (28.5%)

POLE WT
(n = 251)

53.0 (46.0-64.0)
86 (5.4-14.6)

134 (53.4%)
117 (46.6%)

29 (11.6%)
212 (84.5%)
10 (4.0%)

234 (93.2%)
13 (5.1%)

4 (1.5%)

68 (27.0%)
64 (25.4%)
119 (47.4%)
0

198 (78.9%)
34 (13.5%)
19 (7.6%)

20 (8.0%)
51 (20.3%)
56 (22.3%)
118 (47.0%)
6 (2.4%)

2 (0.8%)

52 (20.7%)
143 (57.0%)
25 (10.0%)
29 (11.6%)

94 (37.5%)
54 (21.5%)
72 (28.7%)
31 (12.4%)

84 (33.5%)
37 (14.7%)
44 (17.5%)

43 (17.1%)
43 (17.1%)

P

0018
0012

0455

<0.001

0.050

0.001

0.062

0536

0744

0728

0.181

TCGA cohort

POLE EDM
(n=9)

65.0 (51.5-76.5)
1153 (68.4-188.5)

8 (88.8%)
1(11.1%)

4 (44.4%)
5 (55.5%)
0

8 (88.8%)
1(11.1%)

1(11.1%)
4 (44.4%)
2 (22.2%)
2(22.2%)

0
6 (66.6%)
2 (22.2%)
0

1 (11.1%)

0
1(11.1%)
7 (77.7%)
1(11.1%)
0

7 (77.7%)
2 (22.2%)
0
0

POLE
non-EDM
(n=24)

59.0 (49.0-70.8)
64.2 (39.3-98.3)

8 (333%)
16 (66.6%)

16 (66.6%)
7 (29.1%)
1 (4.1%)

16 (66.6%)
8 (33.3%)

2(8.3%)
12 (50.0%)
3 (125)

7 (29.2%)

4 (16.6%)
13 (54.1%)
4 (16.6%)
2(8.3%)
1(41%)

1(4.1%)
4(166%)
13 (54.1%)
6 (25.0%)
0

18 (75.0%)
3 (12.5%)
3 (12.5%)
0

POLE WT P
(n = 466)

68.0 (57.0-750) 0183
34 (27-49 <0.001

0013
248 (53.2%)
218 (46.7%)

<0.001
47 (10.0%)
417 (89.4%)
2 (0.4%)

0.004
421 (90.3%)
45 (9.6%)

0112
105 (22.5%)
145 (31.1%)
125 (26.8%)
1(19.5%)

0207
86 (18.4%)
165 (35.4%)
141 (30.2%)
64 (13.7%)
0
0334
16 (3.4%)
87 (18.6%)
318 (68.2%)
45 (9.6%)

264 (56.6%) 0.305
120 (25.7%)

81 (17.3%)

1(0.2%)
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Patient ID
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23
38
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Variables Univariable analysis Multivariable analysis
HR  95%CI  P-value HR 95%CI  P-value

N6-Methyladenosine-Related  High/Low 1039 1029-1048  <0.001 1033 1020-1.045  <0.001
AS Events Riskscore

Age 1060 1044-1075  <0.001 1059 1042-1076  <0.001
Gender Female/Male 1053 0735-1509 0778  LI35 0782-1649  0.505
Grade G2IG3 3316 2231-4928 <0001 1840 1.167-2900  0.009
Diagnoses Astrocytoma, anaplastic/Astrocytoma, NOS/Mixed glioma/ 075 0667-0856  <0.001 0795 0683-0926  0.003

Oligodendroglioma, anaplastic/Oligodendroglioma, NOS

Type Primary/Recurrent 1735 0845-3560 0133 2116 1010-4432 0047
IDH1 R132status Mutation/Wild 2757 1901-3999  <0.001 1824 1076-3092  0.026
EGER status Mutation/Wild 0318 0186-0544 <0001 0716 0354-1447 0352
ATRX status Mutation/Wild 1398 0966-2025 0076 1093 0651-1836 0737
TP53 status Mutation/Wild 1270 0889-1815 0189 0943 0576-1542 0814
PTEN status Mutation/Wild 0517 0283-0943 0032 1927 0861-4313 0111
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Type Gene Splice-seq CD AS type Coet HR95L R9SH P-value
symbol
Integrated AS uGP2 53745 AP 4879983645 1316285111 19.19928284 902.432924 6.75E-07
SET 87776 AP -4.394829337 0012340986 0.000431926 0.352606634 0.010187646
SDR39U1 27009 AA 32291677 2525862547 0.527549531 1209.361629 0.101845454
RPAIN 38691 ES 3338637289 28.18069839 3.858762106 205.8047995 0.000998063
RAD52 19633 AP 1411443796 4101873398 0932391021 18.04539618 0.06185279
AA SDR39U1 27009 AA 6084249222 4388901798 15.58619807 12358.66432 0.000353431
SEHIL 44727 AA 3297355611 2704103728 3.140548345 232.8312182 0.002684096
GRK6 74765 AA 2321697441 10.19296158 1327158745 78.28488208 0.02560975
TMEM198 57724 AA 1800566228 6053073916 0.916948689 39.95829241 0.06149485
CARM1 47598 AA ~1.506535512 0221676645 0071078446 0.69135635 0.009432271
MTIE 36480 AA ~1.84909159 0.157380067 0.056506714 0.438328189 0.000402925
PARP3 65117 AA 3146071769 2324457494 3012209603 1793733953 0.002547726
POLR2J3 81117 AA 2.046993192 7.7445796 1760038909 34.07794729 0.006773064
NIF3L1 56774 AA 3053794574 2119562036 4631422605 97.00136673 8.31E-05
AD P6K2 64759 AD 1922510982 6838107292 1.876547772 24.91794349 0.003568075
UQCRQ 73319 AD ~1.17436915 030901386 0.092460845 1032756793 0.056441926
ATPS] 60271 AD ~3.175511473 0041772733 0.00084905 205519287 0.110141838
SEPT4 42700 AD 8554871125 5191.983732 88.70457802 303892.9408 379E-05
STRAG 31688 AD ~2.031010147 0.13120292 005125151 0.335877052 229E-05
PSMC3IP 41077 AD 1159759969 0313561436 0.119740086 0.821118285 0.018214528
NSG1 68675 AD 0.850737895 2341373902 1007619205 5.440578862 0.047972912
COPS7A 19958 AD 5018203401 1511395227 2088297137 1093.865184 6.72E-07
INPP4A 54629 AD 1708539296 5520891197 1366237351 2230962254 0.016487465
LRRC23 20008 AD ~1.553350033 0211538126 0053381317 0.838277909 0.027031513
HHLA3 3405 AD ~1.48302156 0226950905 0.047902498 1075240657 0.061684026
AP UGP2 53745 AP 4312239301 74.60737036 8759537721 635.4513091 7.96E-05
SET 87776 AP ~5.016555712 0006627314 0.000343099 0.128013404 0.000898039
RAD52 19633 AP 1940344746 6961150388 1533485812 3159964985 0.011940996
CASQ1 8432 AP ~1.87466241 0.153406747 0.01906347 1234488279 0.078074254
CHEK1 19309 AP 2.040848212 7.69713523 1219051932 48.59997282 0.029958873
AT RGR 12401 AT -1.52922525 0216703493 0.065338895 0.718720508 001242313
SEPTS 73300 AT ~1.932573674 0.144775115 0.026213655 0.799576921 0.026657461
CHCHD3 81833 AT 2770001828 1595866318 1355092185 187.942144 0027703128
NRG1 83312 AT ~2.437481846 0.087380613 0.027533352 0277313543 3.52E-05
LGALS3 27617 AT 3525390265 3396702718 2214634727 520970308 0.011382795
FANCD2 63307 AT 412329134 6176218845 3510041307 1086.758698 0.004830142
PSMB7 87532 AT ~2.579926544 007577957 0.006666101 0.861454613 0.037506205
ES NDRG2 26517 ES 1855248404 639328617 1.530859794 26.70009901 0.010963972
P6K2 64760 ES 2795037686 163632454 532543777 50.27864596 1.06E-06
MYO19 40481 ES -1.29099287 0274997611 0.089421889 0.845695463 0.024299236
TNFRSF11B 84998 ES ~0.944608524 0.38883176 0.168134419 0899221814 0027223571
CARDS, 50713 ES 1393842997 4030308793 1650740804 9.840060248 0.002209495
CCDC136 81717 ES 1463262352 4320030022 1635017641 11.41434742 0.003159835
ME DLG3 89383 ME 1675000904 5.338799977 2052995404 13.88351145 0.000592306
SRGAP1 93242 ME 1.803645895 6.0717441 1260351051 29.25064124 0.024549824
MAPKI0 69825 ME 3167912676 0.042091365 0.002548083 0.695300238 0.026832968
PCBP4 65134 ME ~2.387692442 0091841369 0.010513434 0.802291368 0.030837457
RADS51 30020 ME ~3.274891158 0.037820986 0.004606013 0.310556457 0.002299698
SDR39U1 27012 ME ~1.045775084 0351419334 0.134765333 0916374752 0.032472257
RI NPIPA5 34148 RI ~2.202669028 0.110507816 0.030044922 0406457286 0.000917135
MED22 88029 RI 1960669691 7.104083012 0.867257724 58.19261571 0.067664118
ABCCS 67820 RI 6542764727 6942032097 3199629894 15061.68251 3.08E-05
TMEM107 39107 RI 2317084378 10.1460491 1.982930083 5191424202 0.005404926
WDR62 49339 RI ~1.34359868 0260905063 0.069045763 0.985888914 0.047600621
GGA3 43399 RI 43686116 7893396369 83100749 749.761067 0.000142641
PPPICC 24503 RI -10.12349163 4.01E-05 442E-07 0.003642107 1.08E-05
TEX9 30763 RI ~1.760061746 0.172034241 0.030293932 0.976954054 0.047002651
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Chr 19/20 co-gain
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IDH1 R132status

PTEN status

EGER status

ATRX status

TP53 status

G3
Astrocytoma, anaplastic
Astrocytoma, NOS
Mixed glioma
Oligodendroglioma, anaplastic
Oligodendroglioma, NOS
Primary Tumor
Recurrent Tumor

Gain chr 19/20
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Mutation

wild

Mutation

Wild
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Wild
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116
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472
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12.15
25.50
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Category Term Count p-value Adj p-value

BP GO:0062197~ cellular response to chemical stress 16 <001 <001
BP GO:0006979~ response to oxidative stress 16 <001 <001
BP GO:0034599~ cellular response to oxidative stress 14 <001 <001
BP GO:0031667~ response to nutrient levels 14 <001 <001
BP GO:0001666~ response to hypoxia 11 <001 <001
BP GO:0042594~ responsse to starvation 9 <001 <001
BP GO:0036293~ response to decreased oxygen levels 11 <001 <001
BP GO:0070482~ response to oxygen levels 11 <001 <001
BP GO:0034614~ cellular response to reactive oxygen species 8 <001 <001
BP GO:0071496- cellular response to external stimulus 10 <001 <001
cc GO:0000407~phagophore assembly site 5 <001 <001
cc GO:0045177~apical part of cell 11 <001 <001
cc GO:0016324-apical plasma mermbrane 10 <001 <001
cc GO:0034045-phagophore assembly site membrane 4 <001 <001
cc GO:0000421-~autophagosorme membrane 4 <001 <001
cc GO:0042470-melanosome 5 <001 <001
cc GO:0048770-pigment granule 5 <001 <001
cc GO:0005774~vacuolar membrane 8 <001 001
cc GO:0005776-~autophagosome: 4 <001 005
cC GO0:1902911~protein kinase complex 4 <.001 .006
MF GO:0031625-ubiquitin protein ligase binding 8 <001 001
MF GO0:0044389-~ubiquitin-like protein ligase binding 8 <.001 .001
MF GO:0015175-neutral amino acid transmembrane transporter activity 3 <001 016
MF GO:0051117-ATPase binding 4 <001 016
MF GO:0004674~protein serine/threonine kinase activity 7 .001 026
MF G0:0008429-phosphatidylethanlamine binding 2 001 026
MF GO:0031956-medium-chain fatty acid-CoA ligase activity 2 001 026
MF G0:0022858-alanine transmembrane transporter activity 2 001 026
MF GO:0044325~ion channel binding 4 .001 026
MF GO:0015179-L-amino acid transmembrane transporter activity 3 001 026
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KEGG term

hsa04140-~Autophagy—animal
hsa04137~Mitophagy —animal

hsa04136-~Autophagy—other

hsa05208~Chemical carcinogenesis —reactive oxygen species
hsa04211~Longevity reguiating pathway

hsa05418-Fluid shear stress and atherosclerosis
hsa04216~Ferroptosis

hsa05017~Spinocerebellar ataxia

hsa01522~Endocrine resistance

hsa05417-Lipid and atherosclerosis

hsa04150~-mTOR signaling pathway

hsa05160-~Hepatitis C

hsa05221~Acute myeloid leukemia

hsa05163-Human cytomegalovirus infection
hsa04933-AGE-RAGE signaling pathway in diabetic complications
hsa05022-Pathways of neurodegeneration—multiple diseases
hsa04625~C-type lectin receptor signaling pathway
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<.001
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Id Coef HR HRO95L HR.95H p-value Risk

LINCO1705 0892 1.0933 9911 1.2060 0748 High
AC068620.2 -1.5621 2118 0756 5932 .0031 Low
TRAF3IP2-AS1  -2.7649  .0630 0107 3707 .0022 Low
AC092171.2 -3138 7307 5742 9298 0107 Low
AC099850.3 1522 1.1644 9719 1.3961 .0988 High

MIR193BHG 3023 13529  1.0246 1.7863 .0330 High
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Gene symbol

LINCO1705
TRAF3IP2-
AS1
AC099850.3

MIR193BHG

Evidence types

Cell culture; Mouse models; Cinical samples

Cell culture; Mouse models; Clinical samples; review;
Bioinformatics Analysis

Bioinformatics Analysis

Cell culture; Bioinformatics Analysis; Clinical samples

References

Xie et al. (2018), Du et . (2020), Lei Yang et al. (2021)

Zou et al. (2014), Bannon et al. (2015), Fabbri and Serretti, (2016), Zan and Li, (2019), He
et al. (2021), Shuai Yang et al. (2021)

Jia et al. (2020), Hao Wu et al. (2020), Jiang et al. (2021), Wu et al. (2021), Xu et al. (2021),
Zhang et al. (2021), Zheng et al. (2021a), Junliang Zhou et al. (2021)

Chan Meng et al. (2020), Xue Wu et al. (2020), Zhang et al. (2020), Zheng et al. (2021b),
Qiwei Zhou et dl. (2021)
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1.155
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532
813
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COCONUT
DrugBank
FDA
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DrugBank
FDA
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DrugBank

FDA

Ligand

CNP0058667, CNPO150788, CNP0216191, CNP0002425, CNPOS71131, Pulchelidin 3-Glucoside (CNP0359043),
CNP0223133, CNP0258703 (Epigallocatechin gallate)

6-O-capryloylsucrose, Zanamivir, Acteoside, DB04211, DB03249, DB07719, DB12116

Glucosarmine, Glucosamine sulfate, Doripenem, Neohesperidin, Sulisobenzone, Verbascoside

Wedelolactone, Epigallocatechin gallate
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*For long compound namee only the database ID i provided.
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