

[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 978-2-88976-943-8
DOI 10.3389/978-2-88976-943-8

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





METABOLISM AND CHROMATIN MODIFICATION IN CANCER

Topic Editors: 

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

Yongbin Chen, Key Laboratory of Animal Models and Human Disease Mechanisms, Kunming Institute of Zoology, Chinese Academy of Sciences (CAS), China

Huafeng Zhang, University of Science and Technology of China, China

Yongguang Tao, Central South University, China

Citation: Barreto, G., Chen, Y., Zhang, H., Tao, Y., eds. (2022). Metabolism and Chromatin Modification in Cancer. Lausanne: Frontiers Media SA. doi: 10.3389/978-2-88976-943-8





Table of Contents




Fra-1 Inhibits Cell Growth and the Warburg Effect in Cervical Cancer Cells via STAT1 Regulation of the p53 Signaling Pathway

Manying Zhang, Lin Liang, Junyu He, Zhengxi He, Chunxue Yue, Xi Jin, Mengxiang Gao, Songshu Xiao and Yanhong Zhou

The Roles of 2-Hydroxyglutarate

Xin Du and Hai Hu

Expression of Lipid-Metabolism Genes Is Correlated With Immune Microenvironment and Predicts Prognosis in Osteosarcoma

Hu Qian, Ting Lei, Yihe Hu and Pengfei Lei

Interplay Between Glucose Metabolism and Chromatin Modifications in Cancer

Rui Ma, Yinsheng Wu, Shanshan Li and Xilan Yu

Ivacaftor Inhibits Glioblastoma Stem Cell Maintenance and Tumor Progression

Kun Liu, Jun Pu, Zhi Nie, Yulin Shi, Liping Jiang, Qisheng Wu, Yongbin Chen and Cuiping Yang

A Novel Risk Model Based on Lipid Metabolism-Associated Genes Predicts Prognosis and Indicates Immune Microenvironment in Breast Cancer

Zhimin Ye, Shengmei Zou, Zhiyuan Niu, Zhijie Xu and Yongbin Hu

SMARCC1 Suppresses Tumor Progression by Inhibiting the PI3K/AKT Signaling Pathway in Prostate Cancer

Zhao-Ming Xiao, Dao-Jun Lv, Yu-zhong Yu, Chong Wang, Tao Xie, Tao Wang, Xian-Lu Song and Shan-Chao Zhao

Decreased m6A Modification of CD34/CD276(B7-H3) Leads to Immune Escape in Colon Cancer

Yiran Zhou, Haodong Zhou, Jianlin Shi, Aoran Guan, Yankun Zhu, Zongliu Hou and Ruhong Li

Long Non-coding RNA ASNR Targeting miR-519e-5p Promotes Gastric Cancer Development by Regulating FGFR2

Zihao Chen, Yong Li, Bibo Tan, Fang Li, Qun Zhao, Liqiao Fan, Zhidong Zhang, Xuefeng Zhao, Yu Liu and Dong Wang

Predicting Panel of Metabolism and Immune-Related Genes for the Prognosis of Human Ovarian Cancer

Lingyun Zhang, Wenwen Sun, Weimin Ren, Jinguo Zhang and Guoxiong Xu

Identification and Validation of a Nine-Gene Amino Acid Metabolism-Related Risk Signature in HCC

Yajuan Zhao, Junli Zhang, Shuhan Wang, Qianqian Jiang and Keshu Xu

SLC25A21 Suppresses Cell Growth in Bladder Cancer via an Oxidative Stress-Mediated Mechanism

Yong Wang, Jiawen Gao, Shasha Hu, Weiting Zeng, Hongjun Yang, Hui Chen and Shuang Wang

Purified Vitexin Compound 1 Serves as a Promising Antineoplastic Agent in Ovarian Cancer

Kewen Ma, Kuansong Wang, Yingjun Zhou, Nian Liu, Wei Guo, Jialin Qi, Zhenmin Hu, Shitong Su, Ping Tang and Xunjian Zhou

RETSAT Mutation Selected for Hypoxia Adaptation Inhibits Tumor Growth

Xiulin Jiang, Yaomei He, Qiushuo Shen, Lincan Duan, Yixiao Yuan, Lin Tang, Yulin Shi, Baiyang Liu, Haoqing Zhai, Peng Shi, Cuiping Yang and Yongbin Chen












	 
	ORIGINAL RESEARCH
published: 30 September 2020
doi: 10.3389/fcell.2020.579629





[image: image]
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The oncogenesis of cervical cancer is a multi-factor and multi-step process, and major risk factors include oncogene activation with tumor suppressor gene inactivation, viral factors, and immune factors. For example, the human papillomavirus (HPV) has been linked to the occurrence of cervical cancer. At present, the pathogenesis of cervical cancer remains unclear. Fra-1 (Fos-related antigen 1, also known as FOSL1) is a member of the Fos family and an important nuclear transcription factor that regulates normal cell growth, differentiation, and apoptosis. In the present study, we found that Fra-1 inhibited the proliferation of cervical cancer cells while also promoting apoptosis and affecting cell cycle distribution. Moreover, Fra-1 up-regulated STAT1 expression and modulated p53 signal pathway activity in cervical cancer cells. Overexpression of Fra-1 inhibited cell senescence by altering sirtuin 1 (SIRT1) expression in HeLa cells, and Fra-1 overexpression restored mitochondrial disorder and suppressed metabolic reprogramming in HeLa cells. Silencing of STAT1 impaired the inhibitory effect of Fra-1 on cervical cancer cell growth, while knock-down of STAT1 reversed the effect on cell senescence and mitochondrial dysfunction caused by Fra-1 in HeLa cells. Silencing of STAT1 also recovered metabolic reprogramming in cervical cancer cells. In summary, our results show that Fra-1 inhibited cervical cancer cell growth and the Warburg effect via STAT1-mediated regulation of the p53 signaling pathway.
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INTRODUCTION

Among Chinese women aged 15–44 years, cervical cancer is the second most common cancer and the most common gynecological malignancy (Liou et al., 2016; Gu et al., 2017; Vu et al., 2018). The typical age range for onset of carcinoma in situ is 30–35 years, and that for invasive cancer is 45–55 years. In recent years, the incidence of cervical cancer in younger patients has increased (Schwarz et al., 2009; Cao et al., 2010; Liu et al., 2015). Most cervical cancer cases (∼99.7%) are accompanied by high-risk human papillomavirus (HPV) infection, and persistent infection with high-risk HPV has been shown to be a major risk factor for cervical cancer. The incubation period for HPV is long, with oncogenesis commonly occurring 8–10 years after infection. While HPV infection is a known cause of cervical cancer, it does not fully explain the occurrence of cervical cancer. Other factors are important in the malignant transformation of high-grade HPV infection (Kaliff et al., 2018; Farazi et al., 2019; So et al., 2019). The key events leading to oncogenesis are mediated by many factors, which need to be further understood (Ramdass et al., 2013; Karim et al., 2018; Mirbahari and Sadeghi, 2018). Many gaps in knowledge regarding cervical cancer pathogenesis and the corresponding treatment mechanism remain to be filled.

Tumor cells commonly achieve enhanced proliferation, growth, survival, and long-term maintenance via alteration of their metabolism. The rate of glucose uptake and lactate production is increased dramatically in many tumors cells, which requires sufficient oxygen and fully functioning mitochondria. This is known as the Warburg Effect and has been explored extensively (Nagao et al., 2019), since Otto Warburg first described this phenomenon in the 1920s, with studies producing both supportive and opposing evidence (He et al., 2016).

Fra-1 (Fos-related antigen 1, also known as FOSL1) is a member of the Fos family and an important nuclear transcription factor that regulates normal cell growth, differentiation, and apoptosis (Annis et al., 2018; Xu et al., 2018). Fra-1 is highly expressed in many malignant tumors and plays an important role in cell transformation, proliferation, invasion, and metastasis (Annis et al., 2018; Wang et al., 2018). Fra-1 activity is regulated at both the transcriptional and translation levels (Xiao et al., 2015; Belguise et al., 2017). Our preliminary studies suggested that Fra-1 can inhibit the proliferation of cervical cancer cells (Xiao et al., 2015), but the underlying mechanism remained unclear. Therefore, in the present study, we investigate the effects and possible mechanisms of Fra-1 on the proliferation, apoptosis, and senescence of cervical cancer cells.

Signal transducer and activator of transcription 1 (STAT1) has been reported to act as a tumor suppressor. Studies have shown that STAT1 plays an important role in apoptotic and anti-apoptotic signaling, demonstrating that it can regulate apoptosis by inhibiting non-transcriptional mechanisms such as anti-apoptotic protein nuclear factor (NF)-kappa B (Zhang et al., 2018). In renal cell carcinoma cells, down-regulation of STAT1 expression can slow cell growth (Ah-Koon et al., 2016). Additional research has linked STAT1 with the development of many malignant tumors, including breast cancer, myeloma, and renal cancer (Suyama et al., 2016; Chen et al., 2017; Qu et al., 2017; Josahkian et al., 2018). Specifically, STAT1 was shown to regulate p53 activity by inducing phosphorylation of p53 (Chen et al., 2017). Through such interaction with p53, STAT1 promotes apoptosis, and STAT1 also interacts with the p53 inhibitor MDM2 (Chen et al., 2017). Therefore, we explored whether the potential effects of Fra-1 on cervical cancer cell growth and the Warburg effect in these cells are mediated by STAT1 regulation of the p53 signaling pathway.

Here we first investigated the effect of Fra-1 on cell growth and the Warburg effect in cervical cancer cells. Then, we determined the influence of Fra-1 on STAT1 expression. Finally, we confirmed that the inhibition of cell growth and the Warburg effect in cervical cancer cells by Fra-1 is mediated via STAT1.



MATERIALS AND METHODS


Cell Culture

HeLa cells, a human cervical cancer cell line, were purchased from the ATCC (Manassas, VA, United States) and maintained by our laboratory. The HeLa cells were cultured in RPMI-1640 supplemented with 10% fetal bovine serum (FBS; Gibco Life Technologies, Grand Island, NY, United States) in a 5% CO2 incubator at 37°C.



Construction of pEGFP-N1-Fra-1 Vector and Cell Transfection

The coding region of the Fra-1 gene was amplified by polymerase chain reaction (PCR). The primer sequences for the Fra-1 gene were 5′-atactcgaatgaacctggccatcagcat-3′ and 5′-gcggaattctcacagggacatgaaatccg-3′. The conditions for PCR amplification were one cycle for 5 min at 94°C; 30 cycles for 45 s at 94°C, 45 s at 55°C, and 90 s at 72°C, and a final cycle for 10 min at 72°C. The coding region fragments of the Fra-1 gene were cloned into the TA vector (Promega, Fitchburg, WI, United States) for transformation in Escherichia coli JM109 (Takara, Dalian, China). In the TA vector, restriction endonuclease xhoi and ecor1 (Promega) were used to cut the required DNA fragments, which were then subcloned into the pEGFP-N1 vector. The accuracy of the cloned sequence was confirmed by DNA sequencing using an ABI 3730 instrument (Applied Biosystems, Foster City, CA, United States).

To construct a stable cervical cancer cell line overexpressing Fra-1, we transfected HeLa cells with the pEGFP-N1/Fra-1 or pEGFP-N1 (blank control vector) using Lipofectin (Invitrogen, Carlsbad, CA, United States) according to the manufacturer’s instructions as described previously (Xiao et al., 2015). This was followed by G418 selection. Western blotting was performed to detect the expression level of Fra-1 protein to verify successful establishment of the stable cell line.



Colony Formation and CCK8 Assay

Cell proliferation was evaluated using colony formation and CCK8 assays. For the colony formation assay, 1,000 cells were seeded in each well of six-well plates and cultured at 37°C. After 14 days in culture, the cells were fixed in 4% paraformaldehyde solution and stained with 0.1% crystal violet solution. Colonies were counted and photographed. For the CCK8 assay, cells were seeded in 96-well culture plates at a density of 1,000 cells/well in 200 μl medium. After culture at 37°C for 6 days, we analyzed the cell density in each well every 24 h using the 7Sea-Cell Counting Kit (7Sea Biotech, Shanghai, China). Briefly, 20 μl of CCK8 solution was added to each well and incubated for 2 h at 37°C before the absorbance at 450 nm was measured by a Paradigm Detection System (Beckman Coulter, Brea, CA, United States).



Flow Cytometric Analysis of Cell Cycle Distribution and Apoptosis

Prior to flow cytometric analyses, cells (5 × 105/well) were seeded in 6-well cell culture plates and cultured in a humidified atmosphere of 5% CO2 at 37°C for 24 h before harvesting with 0.5% trypsin and centrifugation. For cell cycle analysis, cells were fixed in ice-cold 70% ethanol overnight at 4°C. The fixed cells were then resuspended in 500 μl phosphate-buffered saline (PBS) to which 10 μl RNase A was added for a 5-min incubation followed by three washes with cold PBS. Next, 10 μl propidium iodide (PI) solution was added to the resuspended cell solution for incubation at 4°C for 30 min. Finally, the cells were washed twice with PBS before flow cytometric analysis of cell cycle distribution. For flow cytometric detection of apoptotic cells, the Hoechst 33342/PI Apoptosis Assay Kit (BestBio, Shanghai, China) was used. Briefly, the harvested cells were washed twice with ice-cold PBS and resuspended in 500 μl staining buffer. Then, the resuspended cell solution was incubated with 5 μl Hoechst 33342 and 5 μl PI solution in darkness for 20 min at 4°C. Finally, the cells were washed twice with PBS before flow cytometric analysis of cell apoptosis. All flow cytometric analyses were performed using a MoFloTM XDP High-Performance Cell Sorter (Beckman Coulter). The data for cell cycle distribution and apoptosis were analyzed using Summit v5.2 Software (Beckman Coulter).



Quantitative Real-Time PCR

The total RNA of HeLa cells was isolated using TRIzol reagent (Invitrogen), and cDNA was then generated by reverse transcription from 1 μg total RNA using the HiScript II Q RT SuperMix for qPCR (Vazyme, Nanjing, China). Quantitative real-time PCR was carried using ChamQTM SYBR® qPCR Master Mix (Vazyme, Nanjing, China). The primers used for real-time PCR are listed in Table 1.


TABLE 1. List of the human-specific primer sequences used for qPCR analyses.
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Detection of Cellular Senescence by β-Galactosidase Staining

HeLa cells were washed three times in six-well plates with 1 × PBS and fixed with 4% paraformaldehyde at room temperature for 15 min. The plate was rinsed two times with 1 × PBS, and 1 ml of staining solution was added to each well. The plate was incubated overnight at 37°C without CO2. Cellular senescence was detected using a Senescence-associated β-Galactosidase Staining Kit (C0602, Beyotime, China). On images captured with a light microscope (CKX41, Olympus, Japan), β-galactosidase–positive cells (blue staining) were considered senescent cells.



Intracellular Ca2+ Concentration Assay

The fluorescent dye Fura-2 AM (Beyotime Institute of Biotechnology, Haimen, China) penetrates the cell membrane and binds calcium ions to produce strong fluorescence under 330–350 nm excitation light and weak fluorescence under 380 nm excitation light. The ratio of 340 and 380 nm fluorescence is routinely used to evaluate the intracellular calcium concentration. Fura-2 staining was performed according to the manufacturer’s instructions in the present study. Afterward, the cells were washed twice and resuspended in PBS for fluorescence-activated cell sorting (FACS) analysis (Beckman Coulter). The Ca2+ concentration data were analyzed using Summit v5.2 software (Beckman Coulter).



Intracellular Reactive Oxygen Species (ROS) Measurement

HeLa cells were trypsinized, counted, and then resuspended in culture medium (1 × 106/ml/tube). To 1 ml of cell suspension, we added 1 μl of 10 mM DCFH-DA active oxygen fluorescence probe solution (Applygen, Beijing, China). For the negative control group, 1 μl dimethyl sulfoxide (DMSO) solution was added, and for the positive control group, 1 μl active oxygen positive control solution and 1 μl of 10 mM DCFH-DA active oxygen fluorescence probe solution was added. For all groups, the mixtures were incubated at 37°C for 20 min, with pipetting of the probe solution and mixing every 3–5 min to ensure good distribution of the cells. After washing with 1 × PBS solution two or three times, the cells were resuspended in a proper volume of 1 × PBS (generally 400–500 μl) for testing of reactive oxygen species (ROS) levels. The cells were then washed twice with cold PBS and resuspended in PBS for analysis of the intracellular ROS concentration by FACS (Beckman Coulter).



Determination of Mitochondrial Membrane Potential Using JC-1

The effect of Fra-1 of mitochondrial membrane potential was assessed by flow cytometry using the sensitive and relatively mitochondrion-specific lipophilic cationic probe fluorochrome JC-1. JC-1 accumulates to form J-aggregates and emits red fluorescence in mitochondria with a high membrane potential, yet dissociates into monomers and emits green fluorescence in mitochondria that have lost their cross-membrane electrochemical gradient. The groups of HeLa cells were suspended in 1 ml warm staining buffer at approximately 1 × 106 cells/ml and incubated at 37°C for 5 min. Then 1 μl of 2 mM JC-1 (2 μM final concentration; MultiSciences Biotech, Co., Ltd., Hangzhou, China), and the cells were incubated at 37°C in 5% CO2, for 15–30 min. Afterward, the cells were pelleted by centrifugation and resuspended by gentle tapping of the tubes, and then 500 μl PBS was added to each tube. Mitochondrial membrane potential was assessed by FACS (Beckman Coulter).



Small Interfering RNA-Based Silencing of STAT1

The siRNAs were designed and synthesized by Guangzhou RiboBio (RiboBio, Guangzhou, China). The siRNAs targeting on STAT1 gene were designed and synthesized, and the most effective siRNA (STAT1) identified by qPCR was applied in further experiments. Twenty-four hours prior to transfection, cells were plated onto a six-well plate (Greiner, Germany) at 40–60% confluence. Transfection was performed with Lipofectamine 2,000 (Invitrogen) according to the manufacturer’s protocol. The medium was replaced 4–6 h after transfection with new culture medium.



Measurement of NAD+/NADH Ratio

To assess mitochondrial function by evaluation of the NAD+/NADH ratio, NAD+ and NADH were extracted from cells. For NAD+ extraction, 1 × 106 cells were collected in a centrifuge tube. The supernatant was discarded, and 0.9 ml was added acid extract, followed by sonication of the solution for 1 min (intensity 40%, 4 s, stop for 2 s). The solution was then boiled for 5 min, cooled in an ice bath, and centrifuged for 10 min at 10,000 × g at 4°C. The supernatant was transferred to another new centrifuge tube to which an equal volume of alkaline extract was added to neutralize the solution. Centrifugation at 10,000 × g at 4°C for 10 min was repeated, and the supernatant was collected and stored on ice for testing. For NADH extraction, 4–5 million cells were collected in a centrifuge tube. The supernatant was discarded, 0.9 ml alkaline extract was added, followed by sonication of the solution for 1 min (40%, 4 s, stop for 2 s). The solution was then boiled for 5 min, cooled in an ice bath, and centrifuged for 10 min at 10,000 × g at 4°C. The supernatant was transferred to another new centrifuge tube to which an equal volume of acidic extract was added to neutralize the solution. Centrifugation at 10,000 × g at 4°C for 10 min was repeated, and the supernatant was collected and stored on ice for testing.

For testing of NAD+ and NADH levels, the solutions were centrifuged at 20,000 × g at 4°C for 5 min. The supernatant was discarded, and precipitation solution (Nanjing Jiancheng Bioengineering Institute, Nanjing, China) was added for measurement of the solution absorbance at 570 nm.



Measurement of Lactic Acid Content and Production

Lactic acid content within the cells and within the media was detected in samples of approximately 5 × 105 HeLa cells cultured for 48 h. The cells were homogenized by ultrasonic fragmentation, and the lactic acid measurement kit reagents (Nanjing Jiancheng Bioengineering Institute, China) were added according to the manufacturer’s instructions for sample loading. The absorbance in each well was measured at 530 nm using the Paradigm Detection Platform (Beckman Coulter). Lactic acid measurements were normalized to total protein concentration, which was tested using the BCA assay (Thermo Fisher Scientific), for each sample.



Measurement of Glucose Concentration

HeLa cells were plated in 6-well culture plates (1 × 106 cells per well) and incubated at 37°C in 5% CO2 for 24–48 h. When the cells reached approximately 80% confluency, the culture medium was transferred to a new centrifuge tube and centrifuged at 1,000 × g for 5 min at 4°C to remove insoluble materials. The supernatant was transferred to specific tubes for the detection of glucose concentration in the medium by the ADVIA 1,650 automatic biochemical analyzer (SIEMENS, Berlin, Germany). Meanwhile, the cells on the culture plate were trypsinized, washed with cold 1 × PBS, and resuspended in microcentrifuge tubes. After 3 min of ultrasonication on ice, the samples were centrifuged at 12,000 × g for 20 min at 4°C. This supernatant was then transferred to specific tubes for intracellular glucose concentration detection by the ADVIA 1,650 automatic biochemical analyzer. All values were normalized according to protein concentration, which was determined by the BCA assay.



Measurement of Glutamine Production

For measurement of glutamine production, aliquots of 1 × 106 HeLa cells were seeded and cultured for 24 h before harvesting, washing with cold PBS, and resuspension in 100 μl of Hydrolysis Buffer (BioVision, Milpitas, CA, United States). The cells were quickly homogenized by rapid pipetting up and down several times. The glutamine content was then assessed using the glutamine colorimetric assay kit according to the manufacturer’s instructions (BioVision, Milpitas, CA, United States) and normalized according to the protein concentration, which was determined by the BCA assay for each sample.



Western Blotting Analysis

For western blot analysis of protein expression levels, HeLa cells were lysed in radioimmunoprecipitation (RIPA) buffer (CWBio, Beijing, China). Then 50 μg lysate was electrophoresed on 10% separation gel and transferred to a polyvinylidene difluoride membrane (HyClone Laboratories, Logan, UT, United States), which was sealed with 5% non-fat milk diluted in PBS-Tween20 for ∼2 h. Primary antibody solution was then added for incubation at 4°C for 12 h. The primary antibodies used were: anti-sirtuin 3 (SIRT3, dilution ratio: 1:500), anti-Mn superoxide dismutase 2 (MnSOD2, dilution ratio: 1:1,000), anti-isocitrate dehydrogenase 2 (IDH2, dilution ratio: 1:500), anti-liver kinase B1 (LKB1, dilution ratio: 1:500), anti-p-AMP-activated protein kinase (AMPK, dilution ratio: 1:1,000), anti-pyruvate kinase muscle isozyme 2 (PKM2, dilution ratio: 1:1,000), anti-phosphofructose kinase 1 (PFK1, dilution ratio: 1:1,000), anti-pyruvate dehydrogenase (PDH, dilution ratio: 1:1,000), anti-FOS like 1, AP-1 transcription factor subunit (FOSL1, Fra-1, Abcam, Cambridge, MA, United States, dilution ratio: 1:500), anti-signal transducer and activator of transcription 1 (STAT1, dilution ratio: 1:500), anti-c-Rel (c-Rel, dilution ratio: 1:1,000), anti-lactate dehydrogenase A (LDHA, dilution ratio: 1:1,000), anti-sirtuin 1 (SIRT1, dilution ratio: 1:500), anti- B-cell lymphoma-2 (Bcl-2, dilution ratio: 1:1,000), anti-NF kappa-B (NF-κB/p65, dilution ratio: 1:1,000, Immunoway Technology, Newark, DE, United States), anti-TP53 (p53, dilution ratio: 1:1,000), anti-cyclin-dependent kinase 4 (CDK4, dilution ratio: 1:1,000), anti-cyclin D1 (dilution ratio: 1:1,000), anti-p21 (dilution ratio: 1:1,000), anti-MAPK14/p38 (dilution ratio: 1:1,000), and anti-MDM2 (dilution ratio: 1:1,000) anti-p16 (dilution ratio: 1:1,000, Boster Technology, Wuhan, China). After three washes on a shaker with PBS-Tween20, the membranes were incubated with anti-rabbit or anti-mouse horseradish peroxidase (HRP)-conjugated secondary antibody (Santa Cruz Biotechnology, Santa Cruz, CA, United States, 1:3,000 dilution) for 1 h at 37°C). Finally, the protein bands were developed using the Luminata Forte western HRP substrate (Millipore, Billerica, MA, United States). Anti-β-tubulin (Santa Cruz Biotechnology) expression was used for normalization.



Cervical Cancer Tumor Growth in vivo

The study protocol was approved by and conducted in accordance with the Committee of the Use of Live Animals in Teaching and Research at the Central South University. Twelve four-week-old BALB/c-nu female nude mice were purchased from the animal institutes of the Chinese Academy of Medical Sciences and Peking Union Medical College (CAMS and PUMC). We divided the mice into three groups (n = 4 each). HeLa cells transfected with the control vector (HeLa vector), HeLa cells transfected to overexpress Fra-1 (HeLa/Fra-1), and HeLa cells with overexpression of Fra-1 and silencing of STAT1 (HeLa/Fra-1/siSTAT1) of good cell status were inoculated into the right armpit of the mice in the three respective groups at a concentration of 6 × 106 cells/150 μl. The mice were monitored twice weekly for palpable tumor formation and euthanized 15 days after transplantation for assessment of tumor formation. Tumors were measured using a Vernier caliper, weighed, and photographed.



Statistical Analysis

All data were presented as mean ± standard deviation (SD) values obtained from three independent experiments and analyzed by one-way analysis of variance (ANOVA). Then two-way ANOVA followed by Tukey’s multiple comparison test for multiple comparisons was performed. GraphPad Prism 5.0 (GraphPad Software, La Jolla, CA, United States) was used for all analyses, and a value of P < 0.05 indicated a statistically significant difference.



RESULTS


Fra-1 Inhibited Proliferation, Promoted Apoptosis, and Altered the Cell Cycle Distribution of Cervical Cancer Cells

Our previous research demonstrated lower Fra-1 expression in cervical carcinoma tissues compared to adjacent normal tissues. To further investigate this feature of cervical cancer cells, we established a stable Fra-1–overexpressing HeLa cell line using lentivirus transfection technology. The results of the CCK8 test showed that the proliferation rate of HeLa cells overexpressing Fra-1 was significantly reduced compared to that of vector group (Figure 1A). Furthermore, Fra-1–overexpressing HeLa cells formed fewer colonies than did the control cells (Figures 1B,C). Thus, these assays demonstrated that Fra-1 overexpression inhibited HeLa cell proliferation. We also examined the effect of Fra-1 overexpression on the cell cycle distribution of HeLa cells by flow cytometry and found that the percentage of cells in S phase was 13.32% among Fra-1–overexpressing HeLa cells, which was lower than that of 24.57% among the control cells (Figure 1D). Therefore, we conclude that Fra-1 overexpression significantly induced S-phase arrest in HeLa cells. Furthermore, we detected the effect of Fra-1 overexpression on cell apoptosis by flow cytometry with Hoechst 33342/PI double staining. The results showed that the proportion of early apoptotic cells among the Fra-1–overexpressing HeLa cells was 6.01%, while that in the control group was only 2.99% (Figure 1E). Thus, overexpression of Fra-1 promoted apoptosis among HeLa cells.
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FIGURE 1. Fra-1 inhibited the proliferation and promoted apoptosis of cervical cancer cells. (A) Cell viability of HeLa cells transfected with control vector (HeLa/vector) and HeLa cells transfected with Fra-1 overexpression vector (HeLa/Fra-1) cells determined by CCK8 assay. (B) Colony forming ability of HeLa/vector and HeLa/Fra-1 cells. (C) Colony numbers formed by HeLa/vector and HeLa/Fra-1 cells. (D) Cell cycle distribution among HeLa/vector and HeLa/Fra-1 cells as determined by flow cytometry. (E) Flow cytometric analysis of apoptosis among HeLa/vector and HeLa/Fra-1 cells. Data means ± standard deviation (SD). Each representative experiment was repeated three times with similar results. ∗∗P < 0.01; ∗∗∗P < 0.001, n = 3.




Fra-1 Up-Regulated STAT1 and Altered p53 Signaling in Cervical Cancer Cells

To explore the mechanism by which Fra-1 overexpression altered key activities of cervical cancer cells, we performed the real-time PCR and western blot analyses to examine the effects on STAT1 expression and performed an mRNA microarray analysis to identify differentially activated signaling pathways. Our results showed that STAT1 protein was significantly up-regulated in Fra-1–overexpressing HeLa cells compared with the control cells, and the results of real-time PCR for STAT1 gene expression were consistent. Through Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, we observed obvious differences in signal pathway activity between Fra-1–overexpressing HeLa cells and control cells (Figure 2A). The p53 pathway was specifically identified and is strongly linked to the proliferation and apoptosis of cancer cells. Previous research has shown that STAT1 regulates the p53 activity and induces phosphorylation of p53 (McDermott et al., 2005). Therefore, we further tested the expression levels of key molecules involved in the p53 signaling pathway. We found that p53 was significantly up-regulated in Fra-1–overexpressing HeLa cells compared with the control cells, and p38 (MAPK) and p21 also were up-regulated in Fra-1–overexpressing HeLa cells. Conversely, MDM2, Bcl-2, CDK4, and cyclin D1 were down-regulated in Fra-1–over-expressing HeLa cells (Figure 2B). To confirm the differential expression of these proteins, we also detected the expression of the corresponding genes by real-time PCR. The results confirmed that p53, p38, and p21 were up-regulated at the mRNA level, while MDM2, Bcl-2, CDK4, and cyclin D1 were down-regulated at the mRNA level in Fra-1–over-expressing HeLa cells compared with the control cells (Figure 2C).
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FIGURE 2. Fra-1 regulated p53 signaling pathway activity in cervical cancer cells. (A) mRNA chip analysis in HeLa/vector and HeLa/Fra-1 cells revealed differences in mRNA expression between the two groups. Differentially active signaling pathways were identified by gene ontology analysis. (B) Western blotting analysis of signal transducer and activator of transcription 1 (STAT1), p53, Bcl-2, p38, p21, MDM2, CDK4, and cyclinD1 protein levels in HeLa/vector and HeLa/Fra-1 cells. (C) Real-time polymerase chain reaction (PCR) analysis the mRNA expression levels of STAT1, p53, Bcl-2, p38, p21, MDM2, CDK4, and cyclinD1 in HeLa/vector and HeLa/Fra-1 cells. *P < 0.05; **P < 0.01; ***P < 0.001, n = 3.




Fra-1 Overexpression Restored Mitochondrial Disorder in Cervical Cancer Cells

To further study the effect of Fra-1 on cervical cancer cell senescence, we simulated the aging process of normal cells. Taking advantage of the reproductive senescence characteristic of the cells, we cultured the primary cells until they experienced senescence using the method of serial sub cultivation, and we finally used the 30th generation of cells for experiments evaluating mitochondrial disorder. Cell senescence was measured using a β-galactosidase staining assay, and the results showed that Fra-1 promoted HeLa cell senescence (Figure 3A). We also investigated whether Fra-1 affected the expression of senescence-related molecules and observed a significant reduction in SIRT1 expression in Fra-1–overexpressing HeLa cells. p65 is a key regulator of the process of senescence, and SIRT1 inhibits NF-κB activity mainly by deactivating p65. Our results showed that Fra-1 overexpression promoted the expression of NF-κB and p16, but decreased c-Myc expression in HeLa cells (Figure 3B).
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FIGURE 3. Fra-1 promoted cell senescence and restored mitochondrial disorder in cervical cancer cells. (A) β-Galactosidase assay for cell senescence in HeLa/vector and HeLa/Fra-1 cells. (B) Western blot analysis of Fra-1, SIRT1, NF-κB, p16, and c-Myc protein expression in HeLa/vector and HeLa/Fra-1 cells. (C) Flow cytometric analysis of intracellular Ca2+ concentration. Red color represents HeLa/vector group and green color represents HeLa/Fra-1 group. (D) Flow cytometric analysis of intracellular reactive oxygen species (ROS) concentration. Red color represents HeLa/vector group and green color represents HeLa/Fra-1 group. (E) Flow cytometric analysis of mitochondrial membrane potential (Δψm) in HeLa/vector and HeLa/Fra-1 cells. (F) NAD+/NADH ratio in HeLa/vector and HeLa/Fra-1 cells. (G) Western blot analysis of sirtuin 3 (SIRT3), SOD2, IDH2, LKB1, and p-AMPK expression in HeLa/vector and HeLa/Fra-1 cells. **P < 0.01; ***P < 0.001, n = 3.


Disturbance of intracellular calcium homeostasis can affect mitochondrial membrane potential and result in tumorigenesis (Vasileiou et al., 2019). Thus, we investigated whether the intracellular Ca2+ concentration is altered in Fra-1–overexpressing HeLa cells. We found a higher Ca2+ concentration in Fra-1–overexpressing HeLa cells than in control cells, as demonstrated by the mean fluorescence intensity (MFI) data (Figure 3C). ROS play crucial roles in many cell biological functions and in mitochondria. We examined the effect of Fra-1 overexpression on ROS levels and observed a significant decrease in the ROS level in Fra-1–overexpressing HeLa cells compared with that in control cells, with a corresponding decrease in the MFI from 6,973 ± 181.9 to 2,478 ± 175.1 (Figure 3D). A reduction in mitochondrial membrane potential (Δψm) is considered to be an early event during apoptosis and metabolism. Therefore, we also examined the mitochondrial membrane potential in Fra-1–overexpressing HeLa cells by JC-1 staining. A decrease in the mitochondrial membrane potential during apoptosis was represented by a decrease in red fluorescence intensity and an increase in green fluorescence intensity. Among the Fra-1–overexpressing HeLa cells, the percentage of cells with Δψm loss was greater than that among the control cells. The percentage decrease in the mitochondrial membrane potential was 9.94% with Fra-1 overexpression compared with 5.06% in control cells (Figure 3E).

We next investigated the possible mechanism for the effects of Fra-1 overexpression on mitochondrial function. It is well known that during oxidative phosphorylation, the electron transport chain in the mitochondrial inner membrane converts NADH to NAD+ through five complexes and produces oxygen and ATP. Thus, an increased NAD+/NADH ratio represents an increase in mitochondrial function. We found that the NAD+/NADH ratio was increased in Fra-1–overexpressing HeLa cells (Figure 3F). Western blot analysis revealed elevated expression of SIRT3, MnSOD2, and IDH2 in Fra-1–overexpressing HeLa cells (Figure 3G). Together these results revealed that Fra-1 overexpression restored mitochondrial function in HeLa cells.



Fra-1 Suppressed the Warburg Effect in Cervical Cancer Cells

The Warburg effect is a key characteristic of cancer cell metabolism, in which cancer cells are more inclined to glycolysis and glutamine metabolism. Therefore, we explored whether Fra-1 overexpression affected the Warburg effect in HeLa cells. First, we detected the effects of Fra-1 overexpression on the expression levels of key enzymes involved in aerobic glycolysis by Western blot and q-PCR analyses. The results showed that Fra-1 significantly inhibited the expression of rate-limiting enzymes in glycolysis, PFK1 and PKM2, while promoting the expression of PDH, which catalyzes pyruvate to produce acetyl-CoA (Figure 4A). Moreover, Fra-1 inhibited the expression of another glycolytic rate-limiting enzyme, HK II, in cervical cancer cells. Likewise, expression of glucose transporter 1 (Glut1), which is responsible for transporting glucose into cells, also was decreased in Fra-1-overexpressing HeLa cells. A significant reduction was observed in the mRNA level of LDHA, which converts pyruvate to lactate (Figure 4B). Finally, we examined the effect of Fra-1 overexpression on intracellular lactate levels and found less lactic acid accumulation in Fra-1–overexpressing HeLa cells than in control cells (Figure 4C). We also confirmed that the glucose level was decreased in Fra-1–overexpressing HeLa cells (Figure 4D).
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FIGURE 4. Fra-1 suppressed metabolic reprogramming in cervical cells. (A) Western blot analysis of the expression of key glycolysis enzymes PFK1, PKM2, and PDH in HeLa/vector and HeLa/Fra-1 cells. (B) Real-time polymerase chain reaction (PCR) analysis of the expression of glycolysis enzymes GLUT1, HK II, and LDHA in HeLa/vector and HeLa/Fra-1 cells. (C) Lactate concentration in HeLa/vector and HeLa/Fra-1 cells. (D) Glucose concentration in HeLa/vector and HeLa/Fra-1 cells. (E) Glutamine dehydrogenase (GDH) protein level and glutamine concentration in HeLa/Fra-1 and HeLa/vector cells. *P < 0.05; **P < 0.01; ***P < 0.001, n = 3.


The Warburg effect is often accompanied by abnormal glutamine metabolism and fatty acid synthesis. Our western blot results showed that glutamine dehydrogenase (GDH), which drives glutamine entry into the TCA cycle as α-KG, was significantly down-regulated in Fra-1–overexpressing HeLa cells. Moreover, Fra-1 overexpression was associated with a decreased glutamine concentration (Figure 4E).

All of the results described above indicate that Fra-1 likely suppresses the Warburg effect and fatty acid synthesis while also enhancing mitochondrial function and repairing mitochondrial dysfunction. Overall, Fra-1 plays key roles in the metabolic reprogramming of cervical cancer cells.



Silencing of STAT1 Impaired the Inhibitory Effect of Fra-1 on Cervical Cancer Cell Proliferation

Because we found that Fra-1 inhibited HeLa cell proliferation and up-regulated STAT1 expression, we investigated whether silencing STAT1 using siRNAs designed specifically for STAT1 could alter the inhibitory effect of Fra-1 on cervical cancer cell growth. Upon silencing of STAT1 in Fra-1–overexpressing HeLa cells, we found that the proliferation rate of Fra-1–overexpressing HeLa cells was restored based on CCK8 assay results as well as the colony forming assay (Figures 5A–C).
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FIGURE 5. Silencing of signal transducer and activator of transcription 1(STAT1) by small interfering RNA promoted proliferation of cervical cancer cells via activation of the p53 signal pathway. (A) Real-time polymerase chain reaction (PCR) analysis of the silencing effects of three siRNAs for STAT1 in HeLa/Fra-1 cells. (B) Cell viability of HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells according to CCK8 assay. (C) Colony forming ability of HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (D) In vivo analysis of subcutaneous implanted tumor growth to compare the tumorigenic abilities of HeLa/vector, HeLa/Fra-1, and HeLa/Fra-1/siSTAT1 cells in mice. (E) Western blot analysis of protein expression of STAT1, CDK4, cyclin A, cyclin D1, p53, Bcl-2, c-REL, p38, p21, and MDM2 in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (F) Real-time PCR analysis of mRNA expression of STAT1, CDK4, cyclin D1, p53, Bcl-2, p38, p21, and MDM2 in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. *P < 0.05; **P < 0.01; ***P < 0.001, n = 3.


To verify the observed effects of STAT1 silencing in vivo, we compared the growth of tumors formed by HeLA/vector, HeLa/Fra-1, and HeLa/Fra-1/siSTAT1 cells in BALB/c-nu mice Tumor formation was significantly diminished in the HeLa/Fra-1 group compared with that in the HeLa/vector control group. However, tumorigenicity was significantly increased for HeLa/Fra-1/siSTAT1 cells. These findings suggest that Fra-1 inhibited the tumorigenicity of HeLa cells in nude mice via STAT1 (Figure 5D).

To explore the possible mechanism underlying the observed phenotypic changes, we analyzed the expression levels of several molecules closely related to the cell cycle distribution and apoptosis by western blotting and real-time PCR experiments. The results showed that, compared with the corresponding expression levels in Fra-1–overexpressing HeLa cells, the changes in p53, Bcl-2, p38, p21, MDM2, CDK4, and cyclin D1 expression were reversed by silencing of STAT1 in Fra-1–overexpressing HeLa cells. Specifically, p53, p38, and p21 were down-regulated at the protein level, and MDM2, CDK4, Bcl-2, and cyclin D1 were up-regulated at both the mRNA and protein levels after silencing of STAT1. The real-time PCR analysis revealed similar trends. Moreover, the expression levels of some of these proteins were even renewed to their levels in control HeLa cells (Figures 5E,F).

Together our results demonstrated that silencing of STAT1 impaired the inhibitory effect of Fra-1 on cervical cancer cell growth.



Silencing of STAT1 Reversed the Effect of Fra-1 on Cell Senescence and Mitochondrial Dysfunction in Cervical Cancer Cells

β-galactoside staining revealed that STAT1 silencing inhibited the senescence of Fra-1–overexpressing HeLa cells, restoring it to almost the background level (Figure 6A). These results indicate that STAT1 promoted senescence in Fra-1–overexpressing HeLa cells. We next explored STAT1 silencing affected the expression of senescence-related molecules in cervical cancer cells. Western blot analysis showed that the expression levels of SIRT1 and c-Myc oncogene were significantly up-regulated with STAT1 silencing, whereas the expression levels of p16 and NF-κB were down-regulated (Figure 6B). We detected changes in staining for Ca2+, ROS, and JC-1 in Fra-1–overexpressing HeLa cells with STAT1 silencing by flow cytometry. The results showed that STAT1 silencing did not change the level of the important intracellular messenger Ca2+ in Fra-1–overexpressing HeLa cells (Figure 6C). However, the ROS level was increased upon STAT1 silencing (Figure 6D), with the MFI data indicating an obvious increase in ROS (Figure 6E). JC-1 staining showed that STAT1 silencing had little effect on the mitochondrial membrane potential (Δψm) in Fra-1–overexpressing HeLa cells (Figure 6F).
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FIGURE 6. Silencing of signal transducer and activator of transcription 1 (STAT1) inhibited senescence and promoted mitochondrial dysfunction in cervical cancer cells. (A) β-Galactosidase assay for cell senescence in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (B) Western blot analysis of protein expression of c-Myc, SIRT1, NF-κB, and p16 in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (C) Flow cytometric analysis of intracellular Ca2+ concentration. Red color represents HeLa/Fra-1 group and green color represents HeLa/Fra-1/siSTAT1 group. (D) Flow cytometric analysis of intracellular reactive oxygen species (ROS) levels. Red color represents HeLa/Fra-1 group and green color represents HeLa/Fra-1/siSTAT1 group. (E) MFI data reflecting changes in the intracellular ROS concentration in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (F) Flow cytometric analysis of mitochondrial membrane potential (Δψm) in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. *P < 0.05; **P < 0.01; ***P < 0.001, n = 3.




Silencing of STAT1 Recovered Metabolic Reprogramming in Cervical Cancer Cells

We first examined the effect of STAT1 silencing on mitochondrial metabolism in Fra-1–overexpressing HeLa cells. The NAD+/NADH ratio was decreased obviously by STAT1 silencing (Figure 7A), indicating that STAT1 caused mitochondrial dysfunction in HeLa cells. After silencing of STAT1, the major mitochondrial deacetylase SIRT3 was down-regulated, and the expression of the crucial anti-oncogene LKB1 was significantly reduced, which thereby inhibited the activity of AMPK (Figure 7B). The reduction in AMPK expression further led to an increase in ACC, a rate-limiting enzyme for fatty acid synthesis.
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FIGURE 7. Silencing of signal transducer and activator of transcription 1(STAT1) recovered metabolic reprogramming in cervical cancer cells overexpressing Fra-1. (A) NAD + /NADH ratio in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (B) Western blot analysis of STAT1, sirtuin 3 (SIRT3), LKB1, and p-AMPK expression in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (C) Western blot analysis of the expression of key glycolysis enzymes PFK1, PKM2, and PDH in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (D) Real-time polymerase chain reaction (PCR) analysis of mRNA expression of glycolysis enzymes Glut1, HK II, and LDHA in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (E) Glucose concentration in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (F) Lactate concentration in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. (G) Protein expression of glutamine dehydrogenase (GDH) and glutamine concentration in HeLa/Fra-1 and HeLa/Fra-1/siSTAT1 cells. NS: No statistical difference; P < 0.05; **P < 0.01; ***P < 0.001, n = 3.


Then we tested the influence of STAT1 silencing on the Warburg effect. The expression of PFK1 and PKM2, the rate-limiting enzymes of glycolysis, were shown to be decreased significantly (Figure 7C), and at the mRNA level, the change in HK II expression that occurred with Fra-1 overexpression was significantly reversed after silencing STAT1. In addition, the expression levels of glycolytic enzymes GLUT1 and LDHA were also significantly restored (Figure 7D). Further experiments showed that silencing of STAT1 significantly promoted the uptake of glucose in Fra-1–overexpressing HeLa cells (Figure 7E), and the intracellular content of lactate also was increased (Figure 7F). However, silencing of STAT1 had little effect on GDH in HeLa cells. The glutamine concentration also showed a slight increase in Fra-1–overexpressing cells (Figure 7G). These results showed that STAT1 silencing recovered mitochondrial dysfunction in HeLa cells and reversed the Warburg effect caused by Fra-1.

In summary, our results showed that Fra-1 inhibited cervical cancer cell growth and repaired metabolic dysfunction via STAT1, and these effects involved the Warburg effect and fatty acid metabolism in cervical cancer cells.



DISCUSSION

The Fra-1 and Jun proteins form heterodimers, resulting in a leucine zipper protein activator protein 1 (AP-1; Tolza et al., 2019). Fra-1 was shown to be closely related to the tumorigenesis of many tumors (He et al., 2015; Oliveira-Ferrer et al., 2015), and additional research identified Fra-1 as an oncogene-encoded transcription factor plays a crucial role in cancer invasion and metastasis (Luo et al., 2010). However, Fra-1 is down-regulated in the tumorigenic cell lines CGL3 and HeLa compared to non-tumorigenic cells, and it specifically inhibits the tumorigenicity of cervical carcinoma cell lines (Kehrmann et al., 2013). Our previous study showed that Fra-1 is expressed at low levels in cervical carcinoma tissues compared to adjacent normal tissues (Xiao et al., 2015). Therefore, the role of Fra-1 in cervical carcinoma needed to be investigated further.

The results of the present study show that Fra-1 overexpression inhibited cell proliferation, while promoting cell apoptosis and senescence in HeLa cervical cancer cells. Moreover, Fra-1 overexpression in these cells inhibited subcutaneous tumor formation in our in vivo experiment. Overall, Fra-1 overexpression in cervical cancer cells exerted a tumor suppressing effect based on our in vitro analyses of cell proliferation, cell cycle distribution, apoptosis, and senescence as well as in our xenograft tumor model.

Metabolic reprogramming is required to meet the different metabolic needs of cancer cells during tumorigenesis (Allison et al., 2017). Altered metabolism is a major feature of tumor cells, commonly including the Warburg effect and up-regulation of glutamine metabolism to convert carbon sources (Mills and O’Neill, 2016). In addition, mitochondrial function is often impaired, and mitochondrial metabolism is weakened. Mitochondria produce ATP via oxidative phosphorylation using pyruvate and fatty acids (Li et al., 2017). Cells with damaged mitochondria cannot generate enough ATP from mitochondrial oxidative phosphorylation and then are forced to rely on glycolysis for ATP generation (Lavie et al., 2018). In the present study, we explored whether Fra-1 caused these metabolic changes in HeLa cells. The mitochondrial membrane potential, Ca2+ concentration, and ROS level are closely related to cell metabolism. Changes in mitochondrial membrane potential modulate the activity of important enzymes in mitochondria, and the mitochondrial membrane potential, or ΔΨ, is a reflection of mitochondrial metabolic status (Arfaoui et al., 2018). Additionally, Ca2+ regulates cell metabolism together with ROS (Zhou et al., 2017). Our results indicated that Fra-1 overexpression increased the intracellular Ca2+ concentration, but decreased the ROS level and mitochondrial membrane potential in HeLa cells. These changes indicate that Fra-1 was related to metabolic changes in cervical cancer cells, and thus, we next sought to understand how Fra-1 causes metabolic reprogramming.

Sirtuin 3, a member of the NAD+-dependent deacetylases, is an important deacetylase in mitochondria. SIRT3 inhibits ROS production through two important target molecules, IDH2 and SOD2 (Yamato et al., 2016). Therefore, we examined the effect of Fra-1 overexpression on SIRT3, IDH2, and SOD2 expression in cervical cancer cells. We found that Fra-1 overexpression restored mitochondrial function in cervical cancer cells via the SIRT3 signaling pathway, and Fra-1 increased the expression of IDH2 and SOD2. The results indicated that Fra-1 up-regulated the expression of SIRT3, which led to changes in IDH2 and SOD2 expression as downstream molecules, and finally reduced the ROS content in cervical cancer cells. NAD+ and NADH are two coenzymes necessary for cellular energy metabolism. A low NAD+/NADH ratio leads to metabolic imbalance, and an increase in the NAD+/NADH ratio can ameliorate the metabolic imbalance (Pillai et al., 2010). Our results showed that Fra-1 increased the NAD+/NADH ratio in cervical cancer cells, indicating that Fra-1 repaired some functions of mitochondrial in HeLa cells.

Sirtuin 3 deacetylates and activates LKB1, thereby augmenting the activity of the LKB1-AMPK pathway (Li et al., 2015). Multiple studies have identified LKB1 as a tumor suppressor gene and shown that it inhibits important metabolic pathways in cancer cells by activating AMPK (Hawley et al., 2016; Blackmore et al., 2017). AMPK is an important energy receptor in cells that regulates and maintains energy homeostasis. Activated AMPK rapidly inactivates the fatty acid synthesis rate-limiting enzyme, ACC, thereby inhibiting lipid synthesis and reducing energy consumption (Lu et al., 2018). We found that Fra-1 promoted the expression of LKB1 and p-AMPK, which in turn reduced the expression of ACC.

We next wanted to explore the effect of Fra-1 overexpression on the Warburg effect. The Warburg effect indicates that during glycolysis, glycolysis is enhanced in tumor cells and the expression of metabolic enzymes and intermediates is increased. We found Fra-1 overexpression down-regulated glycolytic rate-limiting enzymes PFK1, PKM2, and HK II as well as the expression of important glycolytic enzymes GLUT1, LDHA, and pyruvate dehydrogenase kinase. Additionally, Fra-1 overexpression led to decreased glucose and lactate concentrations in cervical cancer cells. The Warburg effect also increases glutamine and lipid metabolism, and our results showed that Fra-1 overexpression decreased the glutamine concentration as well as the expression of GDH in cervical cancer cells. In conclusion, in the present study, Fra-1 repaired mitochondrial metabolism in cervical cancer cells, but inhibited the Warburg effect and lipid metabolism.

Signal transducer and activator of transcription 1 is an important transcription factor that has repeatedly been shown to be a tumor suppressor. STAT1 inhibits cell proliferation through immune regulation and other mechanisms (Zhang et al., 2017). Changes in the expression level of STAT1 can alter the proliferation of HeLa cell (Lei et al., 2015). We found that Fra-1 overexpression in cervical cancer cells caused very significant changes in STAT1 expression at both the protein and mRNA levels. Therefore, we explored whether the transcription factor STAT1 is involved in the effects of Fra-1 in cervical cancer cells. We found that after silencing of STAT1, the tumor suppression effect of Fra-1 overexpression disappeared through a series of in vivo and in vitro experiments. Silencing of STAT1 restored the proliferation of cervical cancer cells and the growth of xenograft tumors to some extent. The expression levels of some important molecules in the p53 signaling pathway also were altered by STAT1 silencing in Fra-1–overexpressing HeLa cells. We also investigated the effects of STAT1 on metabolic reprogramming of cervical cancer cells overexpressing Fra-1. Our results revealed that STAT1 silencing recovered the ROS level in Fra-1–overexpressing cervical cancer cells and reduced the NAD+/NADH ratio, which increased the metabolic instability of the cervical cancer cells. Additionally, STAT1 silencing up-regulated the expression of glycolysis enzymes PFK1, PKM2, HK II, GLUT1, and LDHA as well as increased the concentrations of glycolysis products glucose and lactate. After silencing of STAT1, the expression levels of SIRT3, LKB1 and p-AMPK also were reduced. The decrease of p-AMPK expression can increase the expression of the rate-limiting enzyme ACC in fatty acid synthesis, and this was observed in our experiment. In conclusion, silencing of STAT1 caused metabolic imbalance and recovered the Warburg effect in Fra-1–overexpressing cervical cancer cells.

In summary, our results showed that Fra-1 overexpression in cervical cancer cells inhibited cell growth and repaired metabolic dysfunction, including the Warburg effect and fatty acid metabolism, via STAT1 regulation of p53 signaling.
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2-Hydroxyglutarate (2-HG) is structurally similar to α-ketoglutarate (α-KG), which is an intermediate product of the tricarboxylic acid (TCA) cycle; it can be generated by reducing the ketone group of α-KG to a hydroxyl group. The significant role that 2-HG plays has been certified in the pathophysiology of 2-hydroxyglutaric aciduria (2HGA), tumors harboring mutant isocitrate dehydrogenase 1/2 (IDH1/2mt), and in clear cell renal cell carcinoma (ccRCC). It is taken as an oncometabolite, raising much attention on its oncogenic mechanism. In recent years, 2-HG has been verified to accumulate in the context of hypoxia or acidic pH, and there are also researches confirming the vital role that 2-HG plays in the fate decision of immune cells. Therefore, 2-HG not only participates in tumorigenesis. This text will also summarize 2-HG’s identities besides being an oncometabolite and will discuss their enlightenment for future research and clinical treatment.
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INTRODUCTION

2-Hydroxyglutarate (2-HG) is structurally similar to α-ketoglutarate (α-KG), which is an intermediate of the tricarboxylic acid (TCA) cycle; it can be generated by reducing the ketone group of α-KG to a hydroxyl group. With its C-2 being a chiral carbon, it has two enantiomers: L-2HG and D-2HG. Besides the well-known IDH1/2mt, which acquires a neomorphic catalytic activity that reduces α-KG to the D enantiomer of 2-HG (Dang et al., 2010; Ward et al., 2010), 2-HG also derives from the “promiscuity” of some enzymes (Figure 1); it means that apart from their primary reaction, these enzymes can catalyze an “unwanted” reaction at a low rate. For example, besides the conversion between malate and oxaloacetate, malate dehydrogenase (MDH) also reduces α-KG to L-2HG, although the catalytic efficiency is 107–108-folds lower than its primary reaction (Rzem et al., 2007). Lactate dehydrogenase (LDH) A (LDHA) (Intlekofer et al., 2017) and SerA (Zhao and Winkler, 1996), the Escherichia coli homolog of PHGDH, was also reported to synthesize L-2HG. As for D-2HG, PHGDH also owns the property of producing D-2HG from α-KG (Fan et al., 2015). IDH2 catalyzes the reductive carboxylation of glutamine-derived α-KG, producing citrate and NADPH (Wise et al., 2011); this process is accompanied by an accumulation of D-2HG, although whether D-2HG derives from the catalysis of IDH2 directly remains uncharted. In respect of the clearance of 2-HG, the two enantiomers are removed by L2HGDH (Rzem et al., 2004) and D2HGDH (Achouri et al., 2004) in the mitochondria. Both enzymes utilize FAD as an electron acceptor to execute the oxidation of 2-HG, thereby generating α-KG and FADH2.


[image: image]

FIGURE 1. The promiscuity of LDHA, MDH, and PHGDH and the metabolism of 2-HG. 2-HG derives from the promiscuity of LDHA, MDH1, and PHGDH in the cytoplasm and MDH2 in the mitochondria. Mutations of IDH1 and IDH2 endow them the neomorphic enzyme activity to convert α-KG to D-2HG. L-2HG and D-2HG are removed by L2HGDH and D2HGDH from the mitochondria, respectively. LDHA, lactate dehydrogenase A; MDH, malate dehydrogenase; 2-HG, 2-hydroxyglutarate.


2-Hydroxyglutarate did not draw much attention after being identified; this continued until the discovery of 2-hydroxyglutaric aciduria (2-HGA) (Ye et al., 2018). 2-HGA is a rare disease characterized by an accumulation of 2-HG in body fluids; its clinical manifestations encompass a series of psychiatric and neurological symptoms such as epilepsy, and signs like hypotonia, macrocephaly, and extrapyramidal symptoms, along with neuroimaging changes (Kranendijk et al., 2012; Rodrigues et al., 2017). By which enantiomer accumulates in the body fluids, it can be classified into D-2HGA, L-2HGA, and “combined D,L-2-hydroxyglutaric aciduria” (D,L-2HGA) (Kranendijk et al., 2012). L-2HGA and the type I D-2HGA are derived from a mutation of L2HGDH and D2HGDH, respectively (Rzem et al., 2004; Struys et al., 2005); the etiology of the type II D-2HGA is the gain-of-function mutation of IDH2 (Kranendijk et al., 2010), and that of the D,L-2-HGA is the mutation of SLC25A1, which acts as a mitochondrial citrate carrier (Nota et al., 2013). The neurotoxic effect of 2-HG forms the pathophysiological basis of 2-HGA, since the accumulation of both enantiomers leads to impaired creatine kinase activity, induced oxidative stress, and a higher glutamate uptake into synaptosomes and synaptic vesicles (Junqueira et al., 2003, 2004; Kranendijk et al., 2012).

Although 2-HGA brought 2-HG to the attention of researchers, it was its identity as an “oncometabolite” made it famous. Two genomic sequencing studies published in 2008 and 2009 discovered the high mutation rate of IDH1 in glioblastoma and acute myeloid leukemia (AML), respectively (Parsons et al., 2008; Mardis et al., 2009). A series of researches after then demonstrated the existence of IDH1/2mt in 70–80% of grade II/III glioma and secondary glioblastoma, and also in about 20% of AML (Yan et al., 2009; Medeiros et al., 2017). Besides that, IDH1/2 mutation also consists in chondrosarcoma, osteosarcoma, cholangiocarcinoma, and prostate cancer (Gagné et al., 2017). These mutations mainly take place at the R132 of IDH1 and R172 of IDH2 (Ye et al., 2018). To date, D-2HG has been supposed to trigger oncogenesis by altering the methylation pattern of DNA and histone, expression and activity of DNA repair proteins, collagen maturation, and immune response (Gagné et al., 2017; Reiter-Brennan et al., 2018), although increasing attention is being paid to its antitumor effect (Fu et al., 2015; Su et al., 2018).

As for the other enantiomers, L-2HG, its accumulation has been reported in clear cell renal cell carcinoma (ccRCC), which resulted from the copy number loss of L2HGDH (Shelar et al., 2018). Increased L-2HG in ccRCC suppresses the methylcytosine dioxygenase (TET) and KDM6A, leading to hypermethylation of DNA and histone. On the other hand, overexpression of L2HGDH is issued in a lower L-2HG level and restored the altered epigenetic state, thus hindering the growth of ccRCC. Therefore, L-2HG is also regarded as an oncometabolite (Shim et al., 2014; Shelar et al., 2018).

2-Hydroxyglutarate is famous for its involvement in tumorigenesis; however, this just represents for its pathological effect. Then, does 2-HG function in other contexts? It is reported that L-2HG accumulates in hypoxia or acidic pH (Harris, 2015; Oldham et al., 2015; Nadtochiy et al., 2016); there are also researches confirming the significant role that 2-HG plays in the fate decision of immune cells (Tyrakis et al., 2016; Sun et al., 2020). It seems that 2-HG has physiological roles that extend beyond its being an oncometabolite; therefore, this text will also summarize 2-HG’s identities besides its being an oncometabolite and discuss their enlightenment for future research and clinical treatment.



THE TUMORIGENIC EFFECT OF 2-HYDROXYGLUTARATE


The Oncometabolite 2-Hydroxyglutarate Inhibits α-Ketoglutarate-Dependent Dioxygenases

Transformation by IDHmt has been demonstrated in numerous researches. It was revealed that the mutation of IDH occurred earlier than the mutation of TP53 or the loss of 1p/19q (Watanabe et al., 2009). It can also happen in the early stage of AML and be detected in a population of pre-leukemic stem cells in some patients. These facts suggest that IDH mutation represents an early event in gliomagenesis and leukemogenesis (Langemeijer et al., 2009; Corces-Zimmerman et al., 2014; Shlush et al., 2014). Introducing IDH1 R132H facilitated anchorage-independent growth of astrocytes lacking CDKN2A, ATRX, and PTEN (Modrek et al., 2017; Mukherjee et al., 2018; Philip et al., 2018), and the expression of IDH1/2 mutant impaired hepatocyte differentiation (Saha et al., 2014). Though it seems that IDHmt alone is not sufficient to induce tumorigenesis in vivo (Chaturvedi et al., 2013; Bardella et al., 2016; Philip et al., 2018), it cooperates with other oncogenes or deficiency of tumor suppressors to trigger tumorigenesis (Chaturvedi et al., 2013; Chen et al., 2013; Bardella et al., 2016; Philip et al., 2018). Discovering the neomorphic activity of IDHmt did shed light on the tumorigenic effects that IDHmt imposes. These mutations in the active site of IDH disturb the interaction between its binding pocket and the β-carboxyl of isocitrate (Dang et al., 2010; Ward et al., 2010). It was reported that IDH1 R132 substitution altered the spatial position of Y139, and then the hydroxyl moiety of Y139 occupied the space of isocitrate (Dang et al., 2010) and led to a closed conformation, thus favoring the binding of NADPH and the subsequent reduction of α-KG (Dang et al., 2010). IDH normally functions as a homodimer; the WT:MT heterodimer significantly decreases its catalytic ability compared with the WT:WT homodimer, because the two subunits alter their conformation in a co-operative way. The disability in interacting with isocitrate of the mutant subunit could impede the conformation change of the wild-type (WT) one (Zhao et al., 2009).

Elevation of L-2HG is observed in ccRCC; it takes glutamine as predominant carbon source and is generated by the promiscuous activity of MDH. L-2HG is removed by L2HGDH under physiological conditions, but a large portion of ccRCC (∼40%) undergo loss of heterozygosity (LOH) of 14q where L2HGDH locates in. What is more, proliferator-activated receptor gamma co-activator 1-alpha (PGC-1α), the transcription factor regulating L2HGDH expression, is usually downregulated in renal tumor cells (Brinkley et al., 2020). All of these results in L2HGDH downregulation and the subsequent accumulation of L-2HG. L2HGDH knockdown promoted malignant phenotypes, while its expression did the opposite; moreover, its under-expression is associated with poor prognosis (Shelar et al., 2018; Shenoy et al., 2019). Therefore, L2HGDH acts a tumor suppressor in ccRCC, and the accumulated L-2HG is thought to be an oncometabolite.

Both enantiomers of 2-HG were found to inhibit α-KG-dependent dioxygenases including TET2 and Jumonji-C (JmjC) histone demethylases by completely interacting with the α-KG-binding site (Chowdhury et al., 2011; Xu et al., 2011). These oxidases vary in their sensitivity to 2-HG; for example, the IC50 of histone demethylase JMJD2C to D-2HG is 79 ± 7 μM, while the value of hypoxia-inducible factor (HIF) is 1,500 ± 400 μM (Chowdhury et al., 2011). L-2HG is significantly more potent in inhibiting these enzymes than D-2HG (Chowdhury et al., 2011; Koivunen et al., 2012). For a clear inhibition on dioxygenases, a 100-fold molar excess of 2-HG over α-KG is required (Chowdhury et al., 2011); these facts suggest that D-2HG functions as a weak antagonist of α-KG. Under physiological conditions, the level of D-2HG is too low to significantly inhibit these enzymes. When IDH is mutant, α-KG is consumed to generate a concentration as high as 3–35 mM of D-2HG (Dang et al., 2010), which far exceeds the IC50 of these α-KG-dependent dioxygenases; this provides clues to detect the mechanism of the tumorigenic effect of D-2HG, and similarly of L-2HG.



2-Hydroxyglutarate and DNA Methylation

Profiling promoter methylation of the glioblastoma samples in The Cancer Genome Atlas (TCGA) identified a distinct subset with a hypermethylated phenotype, named glioma-CpG island methylator phenotype (G-CIMP). This phenotype exhibited a tight association with IDH1 mutation (Noushmehr et al., 2010). A similar phenomenon was also discovered in AML patients, and the IDH1/2 mutation exhibited an enrichment in patients with intermediate-risk cytogenetics (Figueroa et al., 2010). Subsequently, it was uncovered that the expression of IDH1mt could mirror the G-CIMP in low-grade glioma (Turcan et al., 2012), and IDH1/2mt was found to increase the global level of 5-mC (Figueroa et al., 2010). The mutation of IDH1 and IDH2 is mutually exclusive with each other (Figueroa et al., 2010), suggesting that they transform cells in a similar way; consistent with that, the methylation change is similar between IDH1mt and IDH2mt AML samples (Figueroa et al., 2010). These facts indicate that IDH mutation defines a specific epigenome and clinical features. According to this, the 2016 WHO brain tumor classification classified (anaplastic) astrocytoma based on the existence of IDH mutation, and the diagnosis of (anaplastic) oligodendroglioma requires coexistence of IDH mutation and 1p/19q co-deletion (Preusser and Marosi, 2017).

Now that IDH1/2 acquires a neomorphic enzyme activity of converting α-KG to 2-HG, D-2HG may play a vital role in the transformation by IDHmt. Indeed, D-2HG treatment recapitulated IDH1-induced differentiation block and cytokine-independence in hematopoietic cells (Losman et al., 2013). Similarly, D-2HG supplement promoted anchorage-independent growth in glioma cells (Philip et al., 2018). To investigate the tumorigenic mechanism of D-2HG and considering that D-2HG inhibits α-KG-dependent dioxygenases, a group transfected TF-1 human erythroleukemia cell line with a pool of shRNA targeting these enzymes. A relative enrichment of shRNAs targeting TET2 but not its paralog TET1 was detected after a period of culturing; TET2 knockdown recapitulated the transforming effect of IDH1mt and D-2HG in TF-1 cells, indicating that TET2 may mediate transformation induced by IDH1mt and D-2HG (Losman et al., 2013). Its activity converting 5mC to 5-hydroxymethylcytosine accounts for the association between IDHmt and a hypermethylated genome observed in AML and glioma samples. The co-expression of IDH1/2mt and the catalytic domain of TET1 or TET2 decrease 5-hmC to a nearly undetectable level, suggesting that IDHmt caused abnormal DNA methylation by inhibiting TETs (Xu et al., 2011). What is more, TET2 mutation is frequently observed in myeloid cancers, in about 24% of secondary AML and 22% of chronic myelomonocytic leukemia, while it is mutually exclusive with mutation in IDH (Delhommeau et al., 2009; Figueroa et al., 2010). In another study, hypermethylation of TET2 promoter was observed in a small fraction (16%) of low-grade diffuse gliomas without IDH mutation, but this phenomenon did not occur in gliomas with IDH mutation. The deficiency of TET2 induced a similar methylome with that IDHmt does in glioma (Figueroa et al., 2010). These facts all suggest that TET2 deficiency mediates the tumorigenic effects of mutant IDH and D-2HG. The abnormal de novo DNA methylation plays a vital role in tumorigenesis, repressing genes that are indispensable for differentiation (Klutstein et al., 2016). The infection of mutant IDH enriched 5-mC at the promoter of differentiation-associated genes and induced genes associated with stem cell (Figueroa et al., 2010; Turcan et al., 2012). Other modules can also be affected by the anomalous methylation; the hypermethylation of CTCF-binding sites comprises its binding with the insulator protein CTCF in glioma, permitting an enhancer to interact with PDGFRA, which is a glioma oncogene (Flavahan et al., 2016) and blocking differentiation by disassociating SOX2 from putative enhancers (Modrek et al., 2017). In conclusion, aberrant DNA methylation mediated the oncogenic effect of IDHmt and D-2HG.

L-2HG is a bona fide oncometabolite; its supplement promotes ccRCC cell line migration (Shelar et al., 2018). Both increased L-2HG and L2HGDH knockdown led to diminished 5-hmC level, which is strongly associated with tumor aggressiveness and an unfavorable prognosis, and restoring the activity of TET2 leads to inhibition of ccRCC growth both in vitro and in vivo (Shim et al., 2014; Shenoy et al., 2019). Therefore, the inhibition of L-2HG on TETs and the subsequent altered DNA methylation may mediate its oncogenic effect. It was reported that L-2HG upregulated PHLDB2 to promote vasculogenic mimicry (VM) in renal cancer cell lines in a way associated with DNA methylation; the DNA methyltransferase inhibitor counteracted with L-2HG in regulating PHLDB2 (Wang et al., 2020). Although its association with DNA methylation is well established, little is known about how L-2HG-induced DNA hypermethylation triggers tumorigenesis, so further investigation is required.



2-Hydroxyglutarate and Histone Methylation

The Jmjc histone demethylase is another member of the α-KG-dependent dioxygenase (Chowdhury et al., 2011), and it is sensitive to the perturbation of 2-HG. As reported, the mutant IDH2 or its product D-2HG compromised MyoD-driven differentiation in fibroblast cell line. Mechanistically, D-2HG induced H3K9me3 at those MyoD-binding loci, decreasing their accessibility to MyoD (Schvartzman et al., 2019). Likewise, IDH2mt expression or D-2HG treatment block adipocyte differentiation; this is correlated with an enrichment of the repressive mark H3K9me3 at some lineage-specific gene (Lu et al., 2012). Consistently, the expression of KDM4C, the demethylase for H3K9me3, is required during the differentiation of adipocyte. And it is interesting that observable changes in histone methylation preceded DNA methylation in the IDH1mt-expressing adipocyte. In another study, IDHmt inhibitor induced histone demethylation that predated DNA demethylation (Kernytsky et al., 2015). The above cases indicate that the methylation of histone is more sensitive to that of DNA in the face of D-2HG and acts as an independent factor in transformation. In line with this, inhibitors targeting IDH mutant induced differentiation by reversing the abnormal histone methylation at some genes, which are implicated in differentiation (Rohle et al., 2013; Kernytsky et al., 2015; Nakagawa et al., 2019).

As reported, L2HGDH overexpress decreased H3K27me3 and H3K9me3 in RCC cell line (Shim et al., 2014). Comparing the transcriptome of A498 RCC cell line overexpressing L2HGDH with the control group revealed that the upregulated genes showed an enrichment for the targets of polycomb repressor complex 2 (PRC2) and/or H3K27me3 target genes (Shelar et al., 2018). In accordance with that, the H3K27 histone demethylase KDM6A is frequently mutated in renal carcinoma (Dalgliesh et al., 2010), KDM6A knockdown recapitulates the malignant phenotypes that L-2HG induced, and PRC2 knockdown did the opposite. The above facts suggest that the L2HGDH/L2HG axis induces tumorigenesis through an aberrant histone methylation.



2-Hydroxyglutarate and Hypoxia-Inducible Factor Signaling

Hypoxia adaption is largely mediated by HIFs, which function as a heterodimer and consists of an α-subunit and a β-subunit. There are three families of HIF in human cells: HIF-1, HIF-2, and HIF-3. The α-subunit is oxygen-sensitive. In normoxia, it is hydroxylated by HIF prolyl hydroxylases (PHD/EGLN). Subsequently, the hydroxylated HIF-α is recognized by von Hippel–Lindau (VHL) E3 ligase for degradation through the proteasome pathway (Balamurugan, 2016). FIH can also hydroxylate HIF-α, resulting in its disability in interacting with transcription cofactors. In hypoxia, the activity of PHD and FIH is diminished. The stabilized HIF-α then translocated to nucleus and interact with the β-subunit, the HIF-1α/β heterodimer, and facilitates the transcription of its downstream targets (Balamurugan, 2016).

Although PHD, the enzyme hydroxylating HIF-1α, belongs to the α-KG-dependent dioxygenase family, the influence of 2-HG on HIF pathway seems debatable. In the research of Zhao et al. (2009) overexpression of IDH1mt or downregulation of the WT allele elevated the level of HIF-1α, while α-KG supplement diminished this effect; they inferred that IDH1 or its mutant allele regulated HIF-1α by controlling the level of α-KG. Although D-2HG was not discussed in this research, it can be concluded that expression of IDHmt upregulated HIF-1α. However, Koivunen et al. (2012) discovered that IDH1mt expression reduced HIF-1α level, because D-2HG acted as a co-substrate of EGLN, and this was enantiomer-specific. EGLN1 knockdown comprised the proliferation of IDH1mt astrocyte while downregulating HIF-1α did the opposite; these results suggest that IDHmt-derived D-2HG activates EGLN1, and subsequent downregulation of HIF-1α may lead to the tumorigenesis of glioma (Koivunen et al., 2012). Consistently, bioinformatic analysis of 288 low-grade diffuse or anaplastic gliomas samples from TCGA revealed that those with IDHmt displayed a significant inhibition on hypoxia-mediated signaling (Kickingereder et al., 2015). The discrimination between the two enantiomers in inhibiting EGLN1 was also discovered in hematopoietic cells. D-2HG rather than L-2HG could recapture the transforming effect of IDHmt expression, and this is related to its discrimination in inhibiting EGLN1 (Losman et al., 2013). It seems that, in astrocytes and hematopoietic cells, HIF may act as a tumor suppressor, and the mutation of IDH inhibits HIF signaling through D-2HG and promotes oncogenesis. The mechanism of D-2HG to promote EGLN also remains controversial. Contradicting the opinion that D-2HG acts as a co-substrate to activate EGLN1, another group demonstrated that both enantiomers could be oxidized to α-KG non-enzymatically through a Fenton-type chemistry mediated by iron and other physiologically relevant reducing agents such as L-ascorbate and GSH (Tarhonskaya et al., 2014); the α-KG derived from 2-HG oxidation is at levels to support catalysis by PHD. They attributed the result that PHD2 catalysis proceeded in the presence of D-2HG rather than L-2HG in the research of Koivunen P. to the more potent inhibition of L-2HG than D-2HG and/or the contamination of D-2HG by α-KG (Tarhonskaya et al., 2014). Further researches are required to explore the conditions dictating the influence of D-2HG on PHD and the mechanisms behind it.



2-Hydroxyglutarate and Other α-Ketoglutarate-Dependent Dioxygenases

The Escherichia coli protein AlkB was demonstrated to be an α-KG-dependent dioxygenase; it works as a DNA repair enzyme, oxidizing the alkyl groups in cytotoxic lesions 1-methyladenine (m1A) and 3-methylcytosine (m3C) induced by alkylation agents (Trewick et al., 2002; Chen et al., 2017). Its homolog in human was identified as the ALKBH family, including ALKBH1-8 and FTO. ALKBH2 and ALKBH3 play the major role in restoring the alkylated DNA (Chen et al., 2017). L-2HG and D-2HG are found to inhibit ALKBH2/3 in a pathophysiologically relevant level (Chen et al., 2017), restraining their activity in repairing m1A and m3C in ssDNA and dsDNA. DNA repair deficiency may help to accumulate mutations in the genome, thereby contributing to tumorigenesis; this is consistent with the fact IDH mutation is an early event in gliomagenesis and leukemogenesis (Langemeijer et al., 2009; Watanabe et al., 2009; Corces-Zimmerman et al., 2014; Shlush et al., 2014) as well as the higher mutation load in IDmt LGG compared with IDHwt LGG in TCGA database (Kohanbash et al., 2017).

By utilizing a brain-specific IDHmt knockin mouse model, Sasaki et al. (2012) discovered that mice expressing IDHmt exhibited a deficiency in collagen maturation. This phenomenon was related to the inhibition of D-2HG on prolyl-4-hydroxylases I, II, and III (C-P4H I–III), and procollagen-lysine 2-oxoglutarate 5-dioxygenases 1, 2, and 3 (Plod1–3), which mediated collagen hydroxylation. As hydroxylation is necessary for collagen maturation, basement membrane aberrations and hemorrhage were induced in mice with IDHmt tumor (Sasaki et al., 2012; Pellegatta et al., 2015). Mutation of genes encoding collagen is frequent in glioblastoma (GBM); what is more, IDHmt seldom coexists with basement membrane-related gene mutations (Sasaki et al., 2012). Therefore, collagen immaturation mediated by D-2HG may be involved in GBM tumorigenesis. As reported, an accumulation of immature procollagen-IV in endoplasmic reticulum (ER) led to ER stress and autophagy of ER, inhibiting the autophagic degradation of the ER-caused apoptosis (Viswanath et al., 2018b). Therefore, the attenuated collagen maturation and its downstream effect may be druggable in the context of IDH mutation.



D-2-Hydroxyglutarate Modulates the Immune Microenvironment

D-2HG is not only a cancer cell-autonomous oncometabolite, but it also contributes to an immunosuppressive milieu by exerting on immune cells both directly and indirectly (Figure 2). By inhibiting the expression and activation of STAT1, D-2HG attenuates chemokine CXCL10 secretion in glioma cell lines, thereby suppressing cytotoxic T lymphocyte infiltration in the tumor site (Kohanbash et al., 2017). Extracellular D-2HG is five-folds higher than the intracellular level; therefore, it can be inferred that tumor-infiltrating lymphocytes are faced with a high concentration of D-2HG (Böttcher et al., 2018; Bunse et al., 2018). Although D-2HG is poorly cell-penetrative, the transporter SLC13A3 can import D-2HG into T lymphocyte. An excess of D-2HG in T lymphocyte suppresses ATPase, subsequently reducing ATP and attenuating PLC-γ phosphorylation, which both resulted in decreased nuclear translocation of the nuclear factor of activated T cells (NFAT), which is of much concern in T lymphocyte cell activation. Moreover, D-2HG also diminished putrescine, which stimulated T lymphocyte cell proliferation (Bunse et al., 2018; Zhang et al., 2018). Apart from chemotaxis, activation, and proliferation, T lymphocyte differentiation is no exception. D-2HG impairs Th17 polarization by destabilizing HIF-1; this is enantiomer-specific since L-2HG did not exert such effect (Böttcher et al., 2018), although IDHmt glioblastoma expresses significantly lower PD-L1 compared with IDHwt (Wang et al., 2016), and there is another research revealing that D-2HG induces transient PD-L1 promoter hypermethylation, thus lowering the expression of PD-L1 (Rover et al., 2018). On the whole, D-2HG suppresses antitumor T cell immunity. Inspired by this, targeting the mutant IDH may synergize with immunotherapy. Combining IDH1 inhibitor with anti-PD-1 improved prognosis in C57BL/6J mice bearing IDH1mt glioma (Bunse et al., 2018). The IDH inhibitor IDH-C35 significantly enhances CD8 + T cell infiltration and prolongs the survival of glioma-associated antigens vaccinated mice challenged with IDHmt glioma (Kohanbash et al., 2017). Tumor vaccine is another way of immunotherapy besides blocking the immune checkpoint, and the mutant IDH is quite a tumor-specific neoantigen. Vaccination of transgenic mice expressing human major histocompatibility complexes (MHCs) with a peptide in the IDH1mt induced a CD4 + T-dependent immune response suppresses the growth of the IDH1mt sarcoma in an MHC-humanized animal model (Schumacher et al., 2014). Consistent with this, another group immunized mice bearing intracranial glioma with peptides encompassing the IDH1 mutation site, which significantly prolonged the survival of mice bearing IDH1mt and even cured 25% of them (Pellegatta et al., 2015). Therefore, besides immune checkpoint inhibitors, IDHmt-derived peptide vaccination is also a prospective therapy, and their combination may find synergy with each other. IDH1 inhibitor amplified the efficiency of glioma-associated antigens vaccination, augmented the infiltration of CD8 + T cell and improved the survival of mice challenged with IDH1mt tumor (Kohanbash et al., 2017). And in the research of Bunse et al. (2018) adoptive transfer of T cells from IDH1R132H peptide-vaccinated C57BL/6J mice only works in the presence of IDH inhibitor.


[image: image]

FIGURE 2. D-2HG derived from mutant IDH is an immunosuppressive metabolite. 2-HG, 2-hydroxyglutarate.


Apart from adaptive immunity, D-2HG also limits the innate defense against tumor. Via D-2HG, IDHmt astrocyte inactivates complement, for it restrains the assembly of C5 convertase and inactivates assembled C3/C5 convertases in the classical pathway of complement activation; in the meantime, it inhibits the assembly of C3/C5 convertases in the alternative pathway (Zhang et al., 2018). By those means, the glioma cell ward off complement-mediated lysis and phagocytosis (Zhang et al., 2018). Natural killer (NK) cells are also executors in excluding tumor. The receptor NK group 2D (NKG2D) activates NK cells when ligating with NKG2D ligands (NKG2DLs) on the surface of targeted cells such as tumor cells (Zhang et al., 2016). IDHmt astrocyte cell lines and patient-derived glioma stem-like cells exhibit a lower expression of NKG2D than those with IDHwt, and this is associated with the hypermethylation of NKG2D promoters. Downregulating NKG2D helps tumor cells to escape cytolysis by NK cells, and the pretreatment of D-2HG confers IDHwt astrocytes resistance to that (Zhang et al., 2016), restoring NKG2DL expression by the DNMT inhibitor decitabine, which significantly prompted NK-induced cytotoxicity.



2-HYDROXYGLUTARATE PRODUCTION CONFERS VULNERABILITIES

From the above, we can conclude that 2-HG triggers tumorigenesis through multiple mechanisms. However, its inhibition on α-KG-dependent dioxygenases and the altered epigenetic landscape also confers the tumor cells vulnerabilities (Table 1). For example, D-2HG sensitizes IDHmt malignancies to DNA damage. Chemotherapy combining procarbazine, CCNU/lomustine, and vincristine (PCV) attains a better prognosis in oligodendroglial patients harboring IDHmt compared with those with the WT allele (Cairncross et al., 2014). Mechanistically, among the three regimens in PCV therapy, CCNU and procarbazine are DNA alkylating agents, and the DNA repair enzymes ALKBH2/3 are inhibited by D-2HG, thereby sensitizing tumor cells to them (Wang et al., 2015). Also, the IDHmt expression gives rise to a “BRCAness” phenotype by impeding homologous recombination, rendering the tumor cells more susceptible to poly(adenosine 5′-diphosphate–ribose) polymerase (PARP) inhibitors (Sulkowski et al., 2017). ATM, encoded by the ataxia telangiectasia mutated gene (ATM), is also a DNA repair enzyme involved in sensing the double-strand break (DSB) and the mobilization of downstream repair machinery (Inoue et al., 2016). D-2HG attenuates the transcription of ATM by increasing the repressive mark H3K9me3 at its promoter, making for a susceptibility to DNA damage (Inoue et al., 2016; Molenaar et al., 2018). In addition, the inhibition of D-2HG on histone demethylase KDM4B brings about a hypermethylated state around DNA break loci; this masks the H3K9me3 signals required for homology-dependent repair (HDR) factor recruitment. KDM4B overexpression rescues the DNA repair deficiency in IDH mutant cell but not in IDH WT cells (Sulkowski et al., 2017; Sulkowski et al., 2020). In general, D-2HG suppresses DNA repair; as a consequence, synthetic lethal interaction can be established between IDHmt and DNA damage agents.


TABLE 1. The production of D-2HG confers vulnerability to IDHmt tumor.

[image: Table 1]The process of 2-HG generation largely reprograms the metabolic landscape. To sum up, 2-HG synthesis consumes the reducing equivalent NADPH and NADH (Gilbert et al., 2014; Gelman et al., 2018; Hollinshead et al., 2018; Philip et al., 2018); downregulates lipid synthesis (Gelman et al., 2018; Viswanath et al., 2018a,b); reduces glycolysis (Chesnelong et al., 2014); stimulates glutamine metabolism (Reitman et al., 2014; Hollinshead et al., 2018; McBrayer et al., 2018); depletes the TCA flux; and impairs mitochondrial respiration (Reitman et al., 2011; Izquierdo-Garcia et al., 2015; Li et al., 2015; McBrayer et al., 2018). Some metabolic phenotypes among these confer IDHmt tumor vulnerabilities that can be exploited. 2-HG synthesis imposed an NADPH deficit, attenuating the ability to buffer oxidative stress. Both colorectal carcinoma and astrocyte cell lines expressing IDH1/2mt exhibited a hypersensitivity to ionizing radiation or H2O2 compared with those with IDH1/2wt (Gelman et al., 2018). Moreover, IDH1 glioma relies on nuclear factor (erythroid-derived 2)-like 2 (Nrf2)-governed glutathione synthesis pathway to maintain the intracellular redox homeostasis. Inhibiting Nrf2 by triptolide, a diterpenoid epoxide from Tripterygium wilfordii, compromised glutathione synthesis and caused synthetic lethality in IDHmt glioma by inducing oxidative damage (Yu et al., 2020). The vulnerability to oxidative stress also derives from the competitive inhibition of D-2HG on BCAT1/2, which lowers glutamate and prompts a dependence on the glutaminase to generate glutamate and downstream glutathione, which functions in neutralize intracellular reactive oxygen species (ROS). Hence, ablating glutaminase in IDHmt glioma extensively sensitizes cells to oxidative damage and radiation (McBrayer et al., 2018). In conclusion, the production of D-2HG is accompanied by an accessorial sensitivity to oxidative stress, and multiple layers of its antioxidant system can become druggable.

The expression of IDHmt reduces intracellular NAD+ by downregulating nicotinate phosphoribosyltransferase (Naprt1) in the NAD+ salvage pathway; a further depletion of NAD+ by targeting nicotinamide phosphoribosyltransferase (NAMPT), another enzyme in the metabolic pathway, induced a synthetic lethality with IDH mutation (Tateishi et al., 2015). Since NAD+ is a substrate for base excision repair (BER) mediated by PARP DNA repair machinery, there is a hardship for the IDHmt glioma to sustain the genomic integrity; this explains for the hypersensitivity of glioma with IDHmt to PARP inhibitors, which could synergize with a DNA alkylating agent such as temozolomide (TMZ) (Lu et al., 2017; Philip et al., 2018). D-2HG also inhibits the mitochondrial electron transport chain (ETC) by compromising the activity of cytochrome c oxidase (COX), resulting in a lower mitochondrial threshold to induce apoptosis, which sensitized those AML cells with IDH1mt to the inhibitor of the anti-apoptotic protein BCL-2 (Chan et al., 2015). Similarly, in another study, IDHmt-derived D-2HG inhibits succinate dehydrogenase (SDH), the accumulated succinate hypersuccinylate mitochondria, and finally induces the mitochondrial membrane localization of BCL-2 (Li et al., 2015). Another member of the BCL-2 family, Mcl-1, is downregulated in IDH1mt glioma cells, inducing a dependence on the anti-apoptosis protein Bcl-xL and thus the synthetic lethality of IDH1mt with Bcl-xL inhibitor (Karpel-Massler et al., 2017). These researches indicate that IDHmt has a specific role in dictating cell death program, inducing a dependence on certain anti-apoptotic protein, which is a potential target.



D-2-HYDROXYGLUTARATE EXERTS TOXICITY ON CANCER CELL

Although 2-HG is identified as an oncometabolite, which facilitates tumor initiation, there is a paradox that IDHmt foreshadows a benign prognosis in glioma, and a similar trend also exists in AML (Parsons et al., 2008; Yan et al., 2009; Marcucci et al., 2010; Chou et al., 2011). Then, does 2-HG also exert toxicity on cancer cells? In the research of Fu et al. (2015) both enantiomers of 2-HG and the expression of IDHmt inhibited ATP synthase, thereby inactivating mTOR and cell growth. This uncovered the growth-suppressive effect of 2-HG on IDHmt glioma and suggested that there likely exist other mechanisms by which 2-HG exerts its potential toxicity on cancer cell. Rui Su et al., reported that exogenous D-2HG inhibited FTO, a RNA demethylase, which caused a decrease in MYC and CEBPA transcripts, suppressing tumor growth through the FTO/m6A/MYC/CEBPA axis. Exogenous L-2HG and overexpressed IDH1mt both recapitulated these effects (Fu et al., 2015). Consistent with this, in a subsequent study of the same group, targeting FTO induced a similar effect on FTO/m6A/MYC/CEBPA axis signaling through the same mechanism, leading to cell-cycle arrest in cancer stem cells (Su et al., 2020). Although D-2HG blunts immunity as a whole, it was reported that FTO inhibition decreased the expression of immune checkpoints like PD-L1, PD-L2, and LILRB, thereby counteracting the immune evasion of leukemia cells. Besides, D-2HG hinders neutrophil chemotaxis, which helps to establish an immunosuppressive ecology in the tumor microenvironment (TME) (Amankulor et al., 2017). Finally, IDHmt may induce susceptibility to some treatments. The above factors may be a proper explanation for the benign prognosis in glioma and AML with IDHmt; however, the inherent difference in genotypic milieu should not be neglected.



THE ROLES OF 2-HYDROXYGLUTARATE BEYOND ONCOMETABOLITE


L-2-Hydroxyglutarate Takes Part in the Adaption to Hypoxia

It was revealed that multiple cell lines displayed an increase of 2-HG under hypoxia (Intlekofer et al., 2015; Oldham et al., 2015). L2HGDH but not D2HGDH knockdown decreased its concentration, indicating that L-2HG builds the majority of 2-HG pool; the result of gas chromatography–mass spectroscopy (GC-MS) also confirmed so. The sensitivity of L-2HG concentration to hypoxia varies among cell lines; L-2HG in C2C12 cells was only induced twofold (about 3 μM) by 2% oxygen (Chakraborty et al., 2019), which was a drop in the bucket compared with 304 ± 81 μM in SF188 cells by 0.5% oxygen (Intlekofer et al., 2015). Besides, not all α-KG-dependent dioxygenases are susceptible to the perturbation of L-2HG in hypoxia; the research of Chakraborty et al. (2019) revealed that the inhibition of KDM6A in C2C12 cells under hypoxia was directly resulted from change in oxygen concentration rather than the effect of HIF or L-2HG. The glutamine-derived α-KG builds the primary source of L-2HG, and the enzymes manufacturing L-2HG in hypoxia are LDHA and MDH; they consume α-KG and NADH to produce L-2HG and NAD+ (Intlekofer et al., 2017). Some studies reported that LDHA had a greater contribution in generating L-2HG than MDH (Intlekofer et al., 2015), while there are also others that demonstrated the opposite (Oldham et al., 2015); maybe it depends on cell types. When it comes to the mechanism of L-2HG’s accumulation, when there is a paucity of oxygen, some researchers think that the increased α-KG level and NADH/NAD+ ratio skew the reaction LDHA and MDH catalyzes toward the direction of L-2HG synthesis (Oldham et al., 2015), and downregulation of L2HGDH in hypoxia contributed to that too. An acidic intracellular environment resulted from oxygen limitation, which also favors the “promiscuous” reaction catalyzed by LDH and MDH, because an acidic pH sustains a protonated form of α-KG that binds to the substrate-binding pocket of LDHA more tightly via forming a hydrogen bond (Nadtochiy et al., 2016; Intlekofer et al., 2017). An analogous mechanism may be involved in the interaction between α-KG and MDH under acidic pH.

As described above, intracellular L-2HG elevates in the face of low-oxygen condition; it helps in alleviating hypoxia-induced reductive stress. Reductive stress is defined as an excess accumulation of reducing equivalents (specifically NADH, NADPH, and GSH) that exceeds the capacity of endogenous oxidoreductases (Xiao and Loscalzo, 2020). The oxidation of NADH by complex I is suppressed under hypoxia; this results in its accumulation, offering more electrons for one-electron reduction of oxygen that generates O2•- (Kussmaul and Hirst, 2006; Yang and Kahn, 2006; Clanton, 2007). Mechanisms by which reductive stress damages cells include disturbing signal transduction by ROS, inducing ER stress, and so on (Xiao and Loscalzo, 2020). In this process of reducing α-KG by NADH, L-2HG acts as a reservoir of excess reducing equivalents. L2HGDH knockdown not only mitigated mitochondrial membrane hyperpolarization but also impeded the generation of mitoSOX (Oldham et al., 2015), indicating that L-2HG metabolism was implicated in maintaining redox balance. It is explicit that being an α-KG-dependent dioxygenase, PHD, the key enzyme in regulating the stability of HIF-1α, can be suppressed by L-2HG. The IC50 value for the L form of 2-HG to PHD is 419 ± 150 μM (Chowdhury et al., 2011), which is comparable with the concentration of L-2HG quantitated in SF188 cells (304 ± 81 μM) under hypoxia. In accordance with that, downregulating L2HGDH in aerobic condition stabilized HIF-1α (Oldham et al., 2015). Therefore, L-2HG may assist in cell’s adaption to hypoxia via sustaining the activity of HIF pathway.

In summary, L-2HG partakes in acclimatizing hypoxia by regulating redox homeostasis and the activity of HIF pathway. Now that PHD can be inhibited by L-2HG, it is probable that KDM and TET are also sensitive to the perturbation of L-2HG, owing to their lower IC50. A study reported that hypoxia-induced L-2HG could inhibit KDM4C, thereby promoting the methylation of H3K9 (Intlekofer et al., 2015). Although its downstream effect remains obscure, it does suggest that besides sensing oxygen directly, TET and KDM4C can sense changes in oxygen concentration indirectly through L-2HG. In terms of D-2HG, although a study revealed a concomitant increased synthesis of D-2HG associated with IDH2-dependent carboxylation of α-KG (Wise et al., 2011), there is no definitive evidence demonstrating D-2HG’s contribution in the adaption to hypoxia. A conceivable explanation is that D-2HG elevates marginally relative to L-2HG; more importantly, D-2HG functions as a weak antagonist of α-KG-dependent dioxygenase, which is far less efficient than L-2HG (Xu et al., 2011).



2-Hydroxyglutarate Is an “Immunometabolite”

Accumulated studies suggest that there is a close relationship between metabolism and the activation, differentiation, and exhaustion of immune cells (Zhang and Romero, 2018; Yerinde et al., 2019). Some subsets of T cell exhibit a distinct metabolic feature. For example, naïve CD8 + T cells metabolically rely on oxidative phosphorylation, and their activation leads to a metabolic switch to glycolysis, while memory T cells heavily depend on fatty acid oxidation (Yerinde et al., 2019). Multiple processes of CD8 + T cells such as clonal expansion and memory formation are sustained by a distinct metabolic state (Yerinde et al., 2019). Such association between metabolism and function also exists in other subsets of immune cells. What is more, the function states of immune cells are also shaped by epigenetics (Gray et al., 2017). Now that metabolism and epigenetics have such a huge impact on immune cells, the metabolites linking metabolism and epigenetics such as 2-HG, fumarate, and acetyl-CoA are predicted to be vital in immune cells. Next, we are going to discuss the role of 2-HG in immune cells.

As mentioned in the research of Tyrakis et al. (2016) CD8 + T cell produced millimolar L-2HG in response to TCR triggering, resulting in an enrichment of active H3K4me3 mark and RNA pol II at CD62L, polarizing it to memory subsets. Moreover, accumulating L-2HG prompted a global increase of H3K27me3 and 5mC and knockdown of H3K27me2/3 demethylase Utx; and TET2 also motivated the expression of CD62L, indicating that epigenetic inhibition somewhere else in the genome triggers the transcription of CD62L. Although it was a little regrettable that the study did not identify these genes, it unveiled L-2HG’s identity of “immunometabolite” unprecedentedly, which mattered a lot in the fate decision of CD8 + T lymphocytes through a metabolic–epigenetic axis. A recent study further revealed that with Utx bound directly to Prdm1, through reduced demethylation of histone H3K27me3, its deficiency hampers the transcription of Prdm1-encoding Blimp1 that is an effector-associated transcription factor, triggering a memory-like phenotype (Yamada et al., 2019). Therefore, L-2HG dictates CD8 + T lymphocyte fate through the metabolism–epigenetics axis. This also uncovered the suppression on T lymphocyte in the TME from another aspect, since the carbon source of L-2HG, glutamine, is also taken as the primary nutritional source by multiple kinds of tumor.

Similar to L-2HG, D-2HG has also been demonstrated to be a mediator in T lymphocyte differentiation. In Tao Xu’s study, differentiating Th17 cells sustains a ∼5–10-fold higher concentration of D-2HG than did iTreg cells, inducing a hypermethylated state of Foxp3 loci, which is a master transcription factor in the charge of Treg differentiation. 15N-labeling analysis demonstrated that D-2HG was mainly derived from glutamine, and glutamate oxaloacetate transaminase 1 (GOT1) inhibition reprogrammed Th17 differentiation toward iTreg cells (Xu et al., 2017). Similar with this, in the study of Licheng Sun, PM2.5 and indeno[1,2,3-cd]pyrene (IP) activated the expression of GOT1 in an AhR-dependent manner, thereby enhancing the metabolic flux from glutamine to D-2HG, bringing about a hypermethylated state of Foxp3 loci and finally disrupted Th17/Treg ratio (Sun et al., 2020). This AhR-GOT1-D-2HG axis functions in the pathogenesis of asthma. By adopting a GOT1 inhibitor, they alleviated pulmonary inflammation in a mouse asthma model successfully.

We can conclude from the aforementioned studies that 2-HG interferes with T cell differentiation through epigenetics; they also inspire us the feasibility of regulating immune functions through the metabolism–epigenetics axis in T cells. Besides asthma, the imbalance of Th17/Treg ratio happens in a set of autoimmune diseases including psoriasis, inflammatory bowel disease, and multiple sclerosis (Lee, 2018); a similar role of D-2HG in their pathophysiology may exist. Other than modulating immune homeostasis in these diseases through drug intervention, adoptive immunotherapy is another viable choice. For instance, compared with injecting Th17 cells with control shRNA, adoptive transfer using Th17 cells infected with virus containing shGot1 significantly tempered disease severity in a mouse experimental autoimmune encephalomyelitis model (Xu et al., 2017). As regards oncotherapy, a pretreatment of L-2HG significantly exaggerated the persistence and antitumor capacity of adoptively transferred CD8 + T lymphocytes (Tyrakis et al., 2016). Therefore, benefiting from the plasticity of T lymphocyte differentiation and its reliance on epigenetics and metabolism (Kleinewietfeld and Hafler, 2013; Lee, 2018), we can take 2-HG as an entry point in maintaining the balance of immunity.



CONCLUSION

During the recent 10 years, much efforts have been paid in exploring the pathophysiology of IDHmt, leading to remarkable achievements. Due to their excellent performance in clinical trial, the IDH inhibitors ivosidenib and enasidenib are approved by Food and Drug Administration (FDA) to treat adults with relapsed and refractory AML with IDH1/2 mutation. However, the application of IDHmt inhibitors in solid tumor seems not that effective; to crack this hard nut, a deeper insight on the relationship between IDHmt and the mutational background as well as TME is required. Besides targeting IDH directly, an alternative way is to exploit the vulnerabilities it confers, and this may be a more prospective strategy in the condition that IDHmt gradually becomes a passenger mutation from driver mutation (Waitkus et al., 2018). It is noteworthy that this strategy is incompatible with IDH inhibitor, as it depends on the activity of IDHmt. Until now, little is known with regard to the detailed tumorigenic mechanism of L-2HG, and this requires further investigation. As L-2HG is structurally analogous to D-2HG, they may share some common mechanisms such as suppressing α-KG-dependent dioxygenases. L-2HG generates in acidic environment and participates in the adaption to hypoxia. Does this also function in solid tumor, thus representing for the tumorigenic property of L-2HG from another perspective? Because the TME is quite a hypoxia and acidic milieu, L-2HG may help these areas establish an adaption to limited oxygen supply and, at the same time, generate phenotype heterogeneity, which contributes to variant therapeutic responses in the intratumoral religion through epigenetics and other mechanisms. It is surprising that in addition to oncometabolite, 2-HG also serves as immunometabolite. How the 2-HG metabolism in T lymphocyte will alter in the TME and what consequences this will bring about are worthy of exploration. What is more, does endogenous 2-HG regulate the functions of other immune cell subsets? Recently, L-2HG is demonstrated to promote axon regeneration in the central nervous system (Li et al., 2020). Therefore, 2-HG may also function in other physiological processes.

In conclusion, besides triggering tumorigenesis, 2-HG plays a significant role in adaption to hypoxia and acts as an “immunometabolite.” 2-HG is just one of the numerous metabolites; its functions reflect a tight association between metabolism and epigenetics, signaling transduction and other cellular processes, and these are all the themes of present researches on metabolism.
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Expression of Lipid-Metabolism Genes Is Correlated With Immune Microenvironment and Predicts Prognosis in Osteosarcoma
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Objectives: Osteosarcoma was the most popular primary malignant tumor in children and adolescent, and the 5-year survival of osteosarcoma patients gained no substantial improvement over the past 35 years. This study aims to explore the role of lipid metabolism in the development and diagnosis of osteosarcoma.

Methods: Clinical information and corresponding RNA data of osteosarcoma patients were downloaded from TRGET and GEO databases. Consensus clustering was performed to identify new molecular subgroups. ESTIMATE, TIMER and ssGSEA analyses were applied to determinate the tumor immune microenvironment (TIME) and immune status of the identified subgroups. Functional analyses including GO, KEGG, GSVA and GSEA analyses were conducted to elucidate the underlying mechanisms. Prognostic risk model was constructed using LASSO algorithm and multivariate Cox regression analysis.

Results: Two molecular subgroups with significantly different survival were identified. Better prognosis was associated with high immune score, low tumor purity, high abundance of immune infiltrating cells and relatively high immune status. GO and KEGG analyses revealed that the DEGs between the two subgroups were mainly enriched in immune- and bone remodeling-associated pathways. GSVA and GSEA analyses indicated that, lipid catabolism downregulation and lipid hydroxylation upregulation may impede the bone remodeling and development of immune system. Risk model based on lipid metabolism related genes (LMRGs) showed potent potential for survival prediction in osteosarcoma. Nomogram integrating risk model and clinical characteristics could predict the prognosis of osteosarcoma patients accurately.

Conclusion: Expression of lipid-metabolism genes is correlated with immune microenvironment of osteosarcoma patients and could be applied to predict the prognosis of in osteosarcoma accurately.

Keywords: osteosarcoma, lipid metabolism, immune microenvironment, prognosis, individualized therapy


BACKGROUND

Osteosarcoma is the most common primary malignant bone tumor in children and adolescent, which is characterized by poor prognosis and high metastasis rate (Niu et al., 2020; Song et al., 2020). The incidence of osteosarcoma is related with the age of patients, which is about 0.0004% in individuals younger than 25 years old or older than 59 years old, while 0.0001% in individuals aged 25–59 years old (Whelan and Davis, 2018). It is worth noting that 15–20% patients had lung metastasis when they were first diagnosed with osteosarcoma (Miller et al., 2013). The 5-year survival rate of osteosarcoma patients with or without lung metastasis is 60–70%, and 20%, respectively, which has remained stagnant over the past 35 years and is far from satisfaction (Kansara et al., 2014; Negri et al., 2019).

Tracing back to the source, the main reason for the poor prognosis in osteosarcoma is the high extent of tumor heterogeneity caused by significant genomic instability (Whelan and Davis, 2018; Wang et al., 2019). Thus, it is necessary to develop a risk stratification method and identify prognostic genes for personalized targeted therapy of osteosarcoma patients.

Recently, lipid metabolism reprogramming has been regarded as a novel hallmark of tumor malignancy (Cheng et al., 2018), and increasing evidences from clinical and laboratory studies have revealed that lipid metabolism disorder plays a pivotal role in tumorigenesis, tumor progression and treatment (Corbet and Feron, 2017; Luo et al., 2017; Cao, 2019). Niemi et al. (2018) demonstrated that aberrant lipid metabolism in ovarian cancer intensified with increasing stage. Su et al. (2020) reported that enhanced lipid metabolism was necessary for the initiation and differentiation of tumor-associated macrophages. Hilvo et al. (2011) demonstrated that the lipids in the breast cancer tissue were correlated with tumor progression and patient survival. Moreover, previous studies have demonstrated that lipid metabolism related genes (LMRGs) had potent prognostic potential in multiple types of tumors, including ovarian carcinomas (Zheng et al., 2020), lung adenocarcinoma (LAUD) (Li et al., 2020), pancreatic cancer (Ye et al., 2021), hepatocellular carcinoma (HCC) (Hu et al., 2020), renal cell carcinoma (RCC) (Bao et al., 2019) and diffuse gliomas (Wu et al., 2019). As such, targeting lipid metabolism has been regarded as a novel therapeutic strategy for tumor treatment (Visweswaran et al., 2020). Construction of prognostic risk model was an applicable strategy to evaluate the prognostic performance. Up to now, several risk models have been constructed to explore the prognostic value of genes associated with tumor microenvironment, immune cell infiltrating and energy metabolism (Chen Y. et al., 2020; Wen et al., 2020; Zhang et al., 2020; Zhu et al., 2020) in osteosarcoma, whereas the role of LMRGs in osteosarcoma has remained poorly understood.

Tumor immune microenvironment (TIME), which reflexed the immune landscape in the tumor microenvironment, was essential for the initiation and development of tumors (Binnewies et al., 2018). Immune cells take part in the cell reprogramming critically, during which the microenvironment of the tumor cells was modified meticulously by themselves through secreting various kinds of biological factors, thereby endowing surrounding cells with powers to determine the survival and progression of tumors (Hinshaw and Shevde, 2019). In tumor microenvironment, tumor infiltrating immune cells account for the primary non-tumor constituents, which have been demonstrated to play an important role in prognostic prediction of OS patients (Zhang et al., 2020). Thus, TIME takes crucial significance in the development and progression of tumor, and accumulated evidence revealed that TIME was closely associated with pathogenesis of osteosarcoma (Heymann et al., 2019; Luo et al., 2020). Assessing the TIME of osteosarcoma helps to understand the immune status of tumor cells, is conducive to promote the development of immunotherapy and improve the prognosis of osteosarcoma patients.

In the present study, we comprehensively analyzed LMRGs to explore the effect of lipid metabolism on the TIME and survival of osteosarcoma patients. Moreover, we constructed a LMRGs-based risk score model to evaluate the prognostic value of LMRGs in osteosarcoma. Our work may provide a new clue for exploring the underlying molecular mechanisms of osteosarcoma, shed a novel light on the targeting therapy strategy of osteosarcoma and promote the individual-based treatment of osteosarcoma patients.



MATERIALS AND METHODS


Data Collection

Clinical information and sequencing RNA data were downloaded from the Therapeutically Applicable Research To Generate Effective Treatments (TARGET1) and Gene Expression Omnibus (GEO2) databases. The inclusion criteria were as follows: (a) samples diagnosed as osteosarcoma; (b) samples with mapped clinical information and gene expression matrix; (c) samples with complete clinical information including survival time, survival status, age and sex at least; (d) only one was included if there were paired samples. The exclusion criteria were as follows: (a) normal tissue samples; (b) samples without complete clinical information; (c) samples with no expression value in over half of the genes; (d) samples with bias in expressional value. Ninety three samples acquired from the TARGET database were defined as the training cohort. Seventy samples acquired from GEO databases (GSE21257 and GSE39058) were included and defined as verification cohort after integrating. The demographic data and clinical features of the training cohort and validation cohort were listed in Table 1. Datasets of 776 LMRGs were obtained from the Reactome and KEGG databases.


TABLE 1. Characteristics of patients in the training and validation cohort.
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Identification of Molecular Subgroups and TIME Evaluation

Firstly, 74 genes were found to be associated with the prognosis of osteosarcoma through the univariate Cox regression analysis. Consensus clustering was performed according to the expression matric of the 74 genes using the R package “ConsensusClusterPlus.” Stromal score, immune score, and tumor purity were calculated using the Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) algorithm (Yoshihara et al., 2013).



Immune Analyses

TIMER immune infiltrating analysis3 was performed to calculate the abundance of six immune infiltrating cells (B cell, Macrophage cell, Dendritic cell, Neutrophil cell, CD4 T cell and CD8 T cell). Datasets including 28 types of immune infiltrating cells and related 782 genes were obtained from molecular signature database4, and the enrichment of the 28 immune infiltrating cells in the tumor samples were assessed using single sample gene set enrichment analysis (ssGSEA).



Functional Analyses

Differentially expressed genes (DEGs) between the two clusters were identified using R package ‘‘Limma.’’ Gene Ontology (GO) analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis were performed using ‘‘clusterProfiler’’ R package to enrich associated pathways, which was visualized in Metascape5. Based on “GO biological process” gene set downloaded from molecular signature database (see text footnote 5), Gene set variation analysis (GSVA) was performed to demonstrate the signaling pathways alteration between the two clusters using the “GSVA” R package. Meanwhile, according to the same dataset, Gene Set Enrichment Analysis (GSEA) was conducted to analyze the difference between clusters.



Establishment and Validation of Risk Model

Least absolute shrinkage and selection operator (LASSO) analysis was conducted to downsize the prognostic genes previously filtrated using “glmnet” R package. The minimum lambda was defined as the optimal value. The genes used for establishment of risk model was determined by multivariate Cox regression analysis. Risk score of each patient in the training and verification cohorts was calculated as: risk score = 1.7063 × expression value of ALOX15B + 0.7626 × expression value of ME1 + 0.6200 × expression value of GPD1, and patients were divided into high risk and low risk groups according to the medium value. ROC and Martingale residuals method were performed to assess the predictive efficiency of the model. The whole process of data analysis was depicted in Figure 1.


[image: image]

FIGURE 1. Flow chart of the data analyzing process.




Statistical Analyses

Statistical analyses were performed via R (version 3.6.1) and GraphPad Prism (version 8.0.1), and visualization was conducted via TBtools (Chen C. et al., 2020). Survival analysis was completed using Kaplan–Meier method, and the prediction performance of the risk model was evaluated using time-dependent receiver operating characteristic (ROC) via “survivalROC” R package. Subgroup analysis was carried out when the patients were regrouped according to age, sex, lesion site and metastasis. Discontinuous data was presented as number/percentages while continuous data was shown in the form of mean ± standard deviation (SD). Student’s t-test was used for statistical analysis between two groups, and one-way ANOVA analysis was selected flexibly when there were three or more groups. A P < 0.05 was defined as statistically significant difference.




RESULTS


Identification of Two Molecular Subtypes Based on LMRGs

The consensus clustering approach was conducted to divide the osteosarcoma patients in the training cohort into subgroups based on 74 prognostic genes generated from univariable Cox analysis (Supplementary Table 1). The optimal clustering stability was identified when K = 2 (Figures 2A–C and Supplementary Figure 1). 51 patients were clustered into cluster 1 and 42 patients were clustered into cluster 2. The expression level of the LMRGs in the two subtypes was visualized through the heatmap (Figure 2D), and obvious expression difference was found between cluster 1 and cluster 2. Moreover, patients in the cluster 2 enjoyed better overall survival than patients in the cluster 1 (P = 0.0069; Figure 2E). These results demonstrated that the LMRGs classify the osteosarcoma patients into two molecular subtypes with different overall survival.
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FIGURE 2. Consensus cluster. (A–C) K = 2 was identified the optimal value for consensus clustering, (D) heatmap visualizing the expression of lipid metabolism gens in the two subgroups, (E) survival curve of the patients in the two subgroups.




Patients in the Two Molecular Subtypes Exhibited Different TIME and Immune Status

Next, we performed immune analyses to explore the immune difference between the two molecular subtypes. ESTIMATE algorithm revealed that osteosarcoma patients in the cluster 2 had significantly higher immune score (P < 0.0001), ESTIMATE score (P = 0.0008) and lower tumor purity (P = 0.0013) compared with cluster 1, with no significant difference found in stromal score (P = 0.1916; Figures 3A–D). In addition, TIMER algorithm indicated that the abundance of B cell (P = 0.0010), macrophage (P = 0.0036), dendritic cell (P < 0.0001) and T cell.CD4 (P = 0.0022) in cluster 2 was significantly higher than cluster 1, while the abundance of neutrophil was significantly higher in cluster 1 (P = 0.0004), and no statistical significance was detected with respect to T cell.CD8 (P = 0.6407; Figure 3E). Moreover, as illustrated in the heatmap (Figure 3F), immune landscape made by ssGSEA algorithm differed significantly between cluster 1 and cluster 2, with a relatively low immune status in cluster 1. Besides, statistical analysis demonstrated that except for eosinophils, mast cell, neutrophil and memory B cell, the other 24 types of cells were significantly higher in cluster 2 than those in cluster 1 (Figure 3G). These results demonstrated that the TIME and immune status of the two molecular subtypes differed significantly.
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FIGURE 3. Immune analyses in the two clustered subgroups. (A) stromal score, (B) immune score, (C) ESTIMATE score and (D) tumor purity calculated by ESTIMATE algorithm, (E) abundance of six immune filtrating cells evaluated by TIMER, (F) heatmap depicting the enriching level of 29 immune related cells evaluated by ssGSEA algorithm, (G) statistical analysis of ssGSEA. *p < 0.05; **p < 0.01; ***p < 0.001.




DEG and Functional Analyses

DEGs between the two clusters were identified and functional analyses were performed to explore the underlying signaling mechanisms. A total of 198 DEGs were detected, of which 58 genes were downregulated and 140 genes were upregulated in cluster 2, as compared with cluster 1 (Figure 4A). GO enrichment analysis revealed that the DEGs were enriched in bone remodeling- and immune-related biological processes, including bone remodeling, bone resorption, antigen processing and presentation, immune cell differentiation and activation (Figures 4B,C). Meanwhile, some crucial molecular functions and cellular components were also enriched (Supplementary Figure 2). Similarly, KEGG enrichment analysis also identified some signaling pathways associated with bone remodeling and immune, including osteoclast differentiation, natural killer cell mediated cytotoxicity, and complement and coagulation cascade (Figure 4D). PPI analysis identified four sub- models, all of which were closely associated with tumor development and immunity, indicating that immune may be associated with the contribution of lipid metabolism to osteosarcoma (Figure 4E). To further explore the relationship between the enriched pathways and the prognosis of osteosarcoma patients, we performed GSVA and GSEA analyses to evaluate the relative expression difference of the pathways in the two clusters. GSVA analysis enriched a lot of differentially expressed pathways, which was visualized by the heatmap (Figure 4F). In comparison to cluster 2, the expression of pathways associated with immune, bone remodeling and lipid catabolic process were significantly lower in the cluster 1, whereas the expression of lipid hydroxylation associated pathways were significantly higher. Consistently, GSEA analysis revealed that leukocyte differentiation, myeloid leukocyte differentiation and osteoclast differentiation expressed lowly in cluster 1 (Figures 4G–I). All these results demonstrated that expression of LMRG was correlated with dysregulation of immune and bone remodeling, which may be involved in the poor prognosis of osteosarcoma patients.
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FIGURE 4. Differentially expressed genes (DEGs) analysis and functional analyses. (A) Volcano plot showing the DEGs between the two subgroups, (B,C) circle plot and network visualizing the biological processes enriched by gene ontology (GO) analysis, (D) bubble diagram showing the signaling pathways enriched by Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, (E) PPI analysis of DEGs, (F) heatmap illustrating the result of GSVA analysis, (G–I) GSEA plots visualizing the result of GSEA analysis.




Development of Risk Model Based on LMRG in the Training Cohort

Then, a risk signature model was constructed to assess the prognostic prediction value of LMRGs in osteosarcoma. LASSO analysis was conducted to screen potential genes for establishing risk model, and 24 genes were filtered with optimal lambda value (Figure 5A). Based on the genes generated from LASSO analysis, multivariate Cox analysis identified three genes, ME1, GPD1, and ALOX15B, to construct the risk model. All of the three genes were risk genes with a hazard ratio of over 1, and Kaplan–Meier analysis demonstrated that all of these genes were independently prognostic marker of osteosarcoma patients (Supplementary Figure 3). The established risk model successfully classified the osteosarcoma patients into high risk and low risk groups (Figure 5B). As shown in Figure 5C, patients in the high risk group trended to expressed the three candidate genes higher than those in the low risk group. Patients in the low risk group had a better overall survival than those in the high risk group (Figure 5D). Regarding the model diagnosis of the risk model, ROC curve (Figure 5E) and residual plot (Supplementary Figure 4) showed acceptable assessment result. Time dependent ROC analysis indicated that the constructed risk model exhibited precise predictive capacity over a period of 5 years, and the area under curve (AUC) of the ROC curve for 1, 3, and 5 years was 0.701, 0.707, and 0.719, respectively (Figure 5E). Finally, ESTIMATE algorithm was performed to evaluate the TIME of the two groups, and the result revealed that compared with the high risk group, the stromal score (P = 0.0298), immune score (0.0156), ESTIMATE score (P = 0.0101) were significantly higher in the low risk group (Figures 5F–H), while the tumor purity was significantly lower (Figure 5I). These results suggested that the constructed risk model possessed potent potential for prognosis prediction of osteosarcoma patients, and it was significantly correlated with TIME in osteosarcoma.
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FIGURE 5. Construction of risk model in the training cohort. (A) LASSO analysis with minimal lambda, (B) distribution of survival status and risk score of osteosarcoma patients in the high and low risk groups, (C) heatmap illustrating the expression of the three candidate genes in the two groups, (D) survival curve of the osteosarcoma patients in the two groups, (E) time-dependent ROC curve of the risk model, (F–I) stomal score, immune score, ESTIMATE score and tumor purity calculated by ESTIMATE algorithm.




Independence of the Constructed Risk Model

Furthermore, we explored the association between the risk score and clinical features, and evaluated the independence of the constructed risk model via subgroup analysis and regression analyses. No significant difference was detected between patients with different age (Figure 6A), sex (Figure 6B), lesion site (Figure 6C) and metastasis status (Figure 6D) regarding risk score, indicating that there was no association between risk score and clinical characteristics (Figures 6A–D). Besides, when the patients were regrouped according to age (Figure 6E), sex (Figure 6F), and metastasis status (Figure 6G), the risk model still exhibited potent predictive performance and those patients with lower risk score enjoyed better prognosis. Moreover, univariate/multivariate Cox regression analyses revealed that the constructed risk model was independent predictive marker of the prognosis of osteosarcoma patients (Tables 2, 3). These results demonstrated that the constructed risk model had excellent independence in predicting the prognosis in osteosarcoma.
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FIGURE 6. Association of risk score and clinical characteristics (A–D). No significant difference was identified in patients with different age (A), sex (B), lesion site (C) and metastasis status (D). Independence analysis of the risk model (E–J). Survival curve of patients regrouped according to age (E,F), sex (G,H), and metastasis (I,J).



TABLE 2. Univariate analysis of risk score and characteristics in training cohort.
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TABLE 3. Multivariate analysis of risk score and characteristics in training cohort.

[image: Table 3]


Risk Model Was Correlated With TIME and Prognosis in Osteosarcoma in the Verification Cohort

Thereafter, we further validate the established prognostic risk score model in the verification cohort. According to above-mentioned formula, the osteosarcoma patients in the verification cohort were stratified into high risk or low risk groups (Figure 7A). The expression of the three candidate genes were shown via the heatmap (Figure 7B). Survival analysis revealed that patients in the high risk group had poorer prognosis (P = 0.021; Figure 7C). ROC analysis indicated that the risk model exhibited the best prediction accuracy in predicting 3-year survival (Figure 7D). We also explore the association between the risk model and TIME. Same to the training cohort, in comparison to the high risk group, the stromal score (P < 0.05), immune score (P < 0.001), ESTIMATE score (P < 0.05) were significantly higher in the low risk group (Figures 7E–G), while the tumor purity was significantly lower (P < 0.01; Figure 7H). These results demonstrated that the established risk model was correlated with TIME and prognosis in osteosarcoma in the verification cohort.
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FIGURE 7. Validation of the constructed risk model in the verification cohort. (A) distribution of survival status and risk score, (B) heatmap illustrating the expression of three candidate genes in the verification cohort, (C) survival curve of the patients in the high and low risk groups in the verification cohort, (D) ROC curve of the risk model in the verification cohort, (E–H) stromal score, immune score, ESTIMATE score and tumor purity calculated by ESTIMATE algorithm. *p < 0.05; **p < 0.01; ***p < 0.001.




Construction and Calibration of an Integrated Monogram

Finally, a nomogram integrating the risk model and clinical features were constructed to predict the prognosis of the osteosarcoma patients more precisely. The constructed nomogram was shown in Figure 8A, risk score and pathological characteristics were endowed a specific score basing on their contribution on the prognosis in osteosarcoma. Then we validated the nomogram in the training and verification cohort. In terms of the model diagnosis of the nomogram, C-index, the calibration curve (Figures 8B–D) and decision curve analysis (Supplementary Figure 5) suggested the acceptable accuracy. The C-index for the nomogram in the training cohort reached 0.7520 (95%CI: 0.7078–0.7962). The observed overall survival matched well with the actual survival at 3 and 5 years in the training cohort (Figures 8B,C), and similar result was also observed in the verification cohort (Figures 8D,E). These results demonstrated that the integrated nomogram could predict the prognosis of osteosarcoma patients accurately.
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FIGURE 8. Construction and calibration of nomogram. (A) nomogram integrating risk score and clinical features, (B,C) calibration of the nomogram at 3 and 5 years in the training cohort, (D,E) calibration of the nomogram at 3 and 5 years in the verification cohort.


All of these findings revealed that lipid metabolism dysregulation may lead to disorder of TIME and bone remodeling, resulting in poor prognosis. The constructed risk model based on LMRGs could predict the prognosis of osteosarcoma patients reliably and accurately.




DISCUSSION

Osteosarcoma was the most common primary malignant tumor of bone in children and adolescent (Niu et al., 2020). Despite of the booming development of multiple treatment strategy, the 5-year survival of osteosarcoma patients has remained stagnant over the past 35 years, and it is urgent to develop effective risk stratification approach and individualized targeting treatment strategy (Kansara et al., 2014; Negri et al., 2019). In the present study, we identified two molecular subtypes, which exhibited significantly different lipid metabolism landscapes. Immune analyses indicated that patients with poor prognosis were in relatively low immune status, and possessed lower immune score and ESTIMATE score whereas higher tumor purity, as compared with patients with better prognosis. Further functional analyses revealed that upregulation of lipid hydroxylation was implicated with poor immunity and bone remodeling. Moreover, we established a prognostic risk model based on LMRGs, which predicted the prognosis of osteosarcoma patients precisely. Our results may facilitate the development of targeting therapy for osteosarcoma and help the clinicians to make more rational treatment decisions.

Consensus clustering was a reliable approach to classified samples into different subgroups based on the gene expression matrix. According to the LMRGs expression matrix of osteosarcoma patients, firstly, we identified two molecular subgroups via consensus clustering, which also had significantly different overall survival. Then immune and function analyses were performed to explore the role of lipid metabolism in osteosarcoma successively.

As mentioned previously, TIME plays a crucial role in the prognosis of patients, since tumor progression is associated with the modification of the surrounding stroma, with immune cells being the pivotal components of tumor stroma (Hinshaw and Shevde, 2019). In addition, aberrant metabolism status of tumor cells would result in metabolic variation of TIME. ESTIMATE algorithm was an innovative method to infer the tumor purity, as well as the fraction of immune and stromal cells in tumor according to gene expression value (Yoshihara et al., 2013). Immune scores generated from ESTIMATE algorithm displayed immune components in tumor samples quantitatively, reflecting the TIME. Tumor purity was defined as the proportion of malignant cells in tumor tissue, which was closely correlated with prognosis (Yoshihara et al., 2013; Aran et al., 2015; Li et al., 2017). Previously, Hong et al. (2020) and Zhang et al. (2020) have demonstrated that high immune score and low tumor purity were linked with poor prognosis in osteosarcoma. Therefore, we applied ESTIMATE to determinate the TIME of the two subgroups. Our result indicated that these patients with better prognosis had higher immune score and lower purity, which was consistent with previous reports. Furthermore, we applied another two methods, TIMER and ssGSEA, to assess the immune status of the two molecular subgroups. TIMER was a web tool which facilitated the quantification of six tumor-infiltrating immune subsets (Li et al., 2017). TIMER analysis revealed that the abundance of five out of six immune cells was significantly lower in the cluster 1, which was in concert with the result of ESTIMATE and indicated that the immune landscape was downregulated in cluster 1. The ssGSEA analysis outlined the abundance of 29 immune-related cells, and the result suggested that patients in cluster 1 were in relatively low immune status, further confirming the result of ESTIMATE and TIMER. Taken together, we could assume that low immune score and immune status were implicated with unfavorable prognosis reasonably.

Next, functional analyses between the two subgroups were conducted to explore the underlying biological mechanisms. Based on the identified DEGs, GO analysis, KEGG analysis and PPI analysis synergistically suggested that dysregulation of immunity and bone remodeling may mediate the role of lipid metabolism on the tumorigenesis and progression of osteosarcoma. However, the detailed relationship between lipid metabolism and aberrant immunity and bone remodeling remained unclear. Therefore, we performed GSVA and GSEA analyses to further elucidate the underlying mechanisms. Through GSVA, the activity of signaling pathways in each sample was calculated according to the gene expression level, and the variation over different groups could be estimated (Hänzelmann et al., 2013). The GSVA heatmap result revealed that the activity of lipid catabolism, bone remodeling, immune system development and activation was impeded in cluster 1, whereas lipid hydroxylation was enhanced. GSEA analysis was a canonical method for integrating gene expression information, through which the expression tendency of gene sets in different groups were clarified directly (Subramanian et al., 2005). In this study, GSEA result revealed relatively low expression of immune cells differentiation and osteoclast differentiation in cluster 1. These results indicated that downregulated lipid catabolism and upregulated lipid hydroxylation were implicated with low immune status and poor bone remodeling.

Synthesizing above findings, we could deduce reasonably that dysregulation of lipid metabolism, including hydroxylation upregulation and catabolism downregulation, resulted in the impairment of TIME and bone remodeling, thereby leading to the poor prognosis in osteosarcoma. As mentioned above, lipid metabolism reprogramming was recognized as new hallmark of tumor malignancy. Over the past years, lipid metabolic abnormalities of tumor have gained increasing attention (Maan et al., 2018). Targeting aberrant pathways of lipid metabolism is a promising strategy for antitumor therapy. For example, anti-tumor drugs based on the hydroxylated lipid has been widely used for tumor treatment clinically (Király et al., 2013). In this study, upregulated lipid hydroxylation was found to be associated with poor survival. Among the multiple modification of lipids, hydroxylation was a specific approach during which oxygens were added onto the lipids in the manner of hydroxyl through radical oxygen species (ROS) or non-radical oxidants (Spickett, 2020). As one of the activated radicals of biological systems, hydroxyl radical was prone to induced lipid peroxidation (Spickett, 2020). Because lipids were critical components of multiple membranes and distributed widely (Cheng et al., 2018), lipid peroxidation usually occurred when polyunsaturated fatty acids (PUFAs) were attacked by ROS, which would impair the structure and/or function of membranes subsequently (Yoshida et al., 2013). Lipid peroxidation resulted in the formation of aldehydes with high reactivity (Erejuwa et al., 2013), which further attack the components of cellular membrane, such as lipids and proteins (Höhn and Grune, 2013). Meanwhile, some other products of lipid peroxidation, including malondialdehyde, 4-hydroxynonenal and acrolein, also bound to the amino acid residues of protein covalently via Michael addition, damaging the structure and function of the residues (Fukuda et al., 2009). All of these could explain the contribution of upregulated hydroxylation to the poor prognosis of cancer patients in a certain extent. On the other hand, catabolism downregulation reduced the consumption of lipids, and as a result, accumulative lipids were stored in tumor cells and surrounding cells. The influence of accumulated lipid due to lipid metabolism abnormalities on the tumor-microenvironment dendritic cells may also account for the poor prognosis partly. Because previous studies reported that lipid-laden dendritic cells were unable to present tumor-associated antigens (Herber et al., 2010). And abnormal lipid accumulation inhibited the capacity of dendritic cells to facilitate anti-tumor T cells (Cubillos-Ruiz et al., 2015). This also expounded why the downregulated lipid metabolism led to lower immune score and immune status. Besides, the accumulative lipid may result in poor prognosis via facilitating metastasis which was a critical factor for tumor progression, since the metastatic potential of tumor cells was positively correlated with intracellular lipid storage (Maan et al., 2018).

To further validate the effect of lipid metabolism disorder on the TIME in osteosarcoma and explore the prognostic value of LMRGs in osteosarcoma patients, we constructed a prognostic risk model based on LMRGs and verified it in the validation cohort. The three genes used for establishing risk model in this study have been demonstrated to be closely associated with development and progression of tumors. ME1 encodes malic enzyme 1 (ME1), which catalyzes the transformation of malate to pyruvate and promotes the formation of NADPH concomitantly. Prior studies reported that ME1 mediated the lipid metabolism through participating in lipid biosynthesis basically (Simmen et al., 2020). Numerous researches have provided the evidence of the pro-oncogenic role of ME1 in multiple tumors (Simmen et al., 2020). ALOX15B (Arachidonate 15-Lipoxygenase Type B) has been demonstrated as risk genes in colorectal cancer and lung squamous cell carcinoma (Yuan et al., 2020; Kim et al., 2021). GPD1 encodes glycerol-3-phosphate dehydrogenase 1 (GPD1), which played a pivotal role in lipid metabolism through catalyzing the transformation of NADH and dihydroxyacetone phosphate to NAD+ and glycerol-3-phosphate reversibly (Yoneten et al., 2019). Studies suggested that GPD1 was closely related to prognosis of gastrointestinal cancer, breast cancer, and glioblastoma (Xie et al., 2020; Xia et al., 2021). Survival analysis revealed that no matter in the training cohort or the verification cohort, the established risk model exhibited potent predictive performance for the survival of osteosarcoma patients. And significantly lower stromal score, immune score and higher tumor purity were accompanied with poor survival. Moreover, independence analysis and subgroup analysis suggested that the LMRGs-based risk model could predict the prognosis independently in osteosarcoma, regardless of their age, sex and metastasis condition. Finally, a nomogram integrating the risk score and clinical features was also established and calibrated, and it showed considerable property for predicting the survival. All these results confirmed the prognostic prediction role of LMRGs in osteosarcoma and correlation between aberrant lipid metabolism and TMIE disorder.

Over the recent decades, radiotherapy and chemotherapy for tumors have grew boomingly. However, the 5-year survival of osteosarcoma remained unsatisfactory (Ritter and Bielack, 2010; Kansara et al., 2014; Heng et al., 2020). It is imperative to develop effective methods to classify the patients according their risk score, and conduct reasonable individualized and targeted therapy. Bioinformatic analysis based on sequencing RNA data was a feasible approach for risk stratification and targeted-gene identification. Although researchers have constructed risk model based on tumor microenvironment, immune cell infiltrating and energy metabolism (Chen Y. et al., 2020; Wen et al., 2020; Zhang et al., 2020; Zhu et al., 2020) in osteosarcoma, our study exhibited unique merits compared with previous studies. Firstly, our work focused on the lipid metabolism of osteosarcoma patients, and identified two molecular subgroups with significantly different prognosis and immune status via consensus clustering. Secondly, we explored the biological mechanisms according to the result of clustering and elucidated the underlying mechanism partly. Thirdly, we clarified the influence of lipid metabolism on TIME and prognosis. Last but not least, this work integrated two GEO datasets as a verification cohort, which containing much more samples than previous studies. Our work would provide excellent theoretical instruction for further studies of osteosarcoma. Additionally, result of this study could promote the development of targeted therapy for osteosarcoma and help the clinicians make treatment strategy more rationally.

In general, in this study, we identified two molecular subtypes, cluster 1 and 2. In cluster 1, patients with poor prognosis showed TIME disorder including low immune score and high tumor purity, and the dysregulation of lipid catabolism was implicated with low immune status and aberrant bone remodeling. Risk model based on LMRGs could predicted the prognosis in osteosarcoma precisely, meanwhile, those patients with unfavorable survival in the high risk showed low immune score and high tumor purity. These results indicated that lipid metabolism landscape was correlated with TIME, and deserved considerable attention in determining treatment strategy for osteosarcoma patients, which was a potential target for individualized treatment.

There were some drawbacks in our study which should be notified when generalizing the conclusion. Firstly, due to the absence of information about the progression of the osteosarcoma patients, such as tumor stages, we could not demonstrate the role of LMRG in the development of osteosarcoma. Secondly, our results generated from bioinformatics analysis, which was not further validated by experiments. Thirdly, the data used in this study was downloaded from open database instead of our cohort. The nature of low evidence level of retrospective research still remained, and more prospective studies are needed to be conducted to further confirm the prognostic value of LMRGs in osteosarcoma.



CONCLUSION

In conclusion, in the present study, two molecular subtypes were identified based on LMRGs in osteosarcoma via consensus clustering. Immune analysis and functional analyses revealed that dysregulation of lipid metabolism would impede the immune system and bone remodeling, thereby resulting in poor prognosis. Our work could shed a novel light on the development of new targeting drugs, provide theoretical support for individualized therapy, and facilitate the risk stratification of osteosarcoma patients.
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Cancer cells reprogram glucose metabolism to meet their malignant proliferation needs and survival under a variety of stress conditions. The prominent metabolic reprogram is aerobic glycolysis, which can help cells accumulate precursors for biosynthesis of macromolecules. In addition to glycolysis, recent studies show that gluconeogenesis and TCA cycle play important roles in tumorigenesis. Here, we provide a comprehensive review about the role of glycolysis, gluconeogenesis, and TCA cycle in tumorigenesis with an emphasis on revealing the novel functions of the relevant enzymes and metabolites. These functions include regulation of cell metabolism, gene expression, cell apoptosis and autophagy. We also summarize the effect of glucose metabolism on chromatin modifications and how this relationship leads to cancer development. Understanding the link between cancer cell metabolism and chromatin modifications will help develop more effective cancer treatments.
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INTRODUCTION

Tumor cells need to change their metabolism to support their demands for rapid growth and proliferation, so called metabolism reprogram (Pavlova and Thompson, 2016). This metabolic reprogram enables cells to synthesize a large amount of precursors for biomacromolecule synthesis (Pavlova and Thompson, 2016). The extensive studied metabolic reprogram is aerobic glycolysis, also known as the “Warburg effect.” That is, cancer cells preferentially convert pyruvate, the end product of glycolysis into lactate instead of transporting pyruvate into the mitochondria for oxidative phosphorylation. Although aerobic glycolysis is a less efficient way to produce energy (2 ATP/glucose), it helps accumulate a large amount of metabolite precursors for biosynthesis of macromolecules, i.e., nucleic acids, fatty acids, and amino acids (Hanahan and Weinberg, 2011). Initially, the mitochondria in tumor cells was thought to have defects, which makes them unable to perform oxidative phosphorylation and highly dependent on glycolysis (Dang and Semenza, 1999). However, the function of mitochondria in most tumor cells is intact. Recent studies show that tumor cells mainly use the tricarboxylic acid (TCA) cycle in the G1 phase and prefer glycolysis in the S phase (Liu et al., 2021), suggesting that both TCA cycle and glycolysis are important for tumor cells.

Many metabolic enzymes and metabolites have non-metabolic functions in tumorigenesis, including regulation of chromatin modifications, gene transcription, DNA damage, etc. (Yu and Li, 2017). These non-metabolic functions provide useful clues to develop more efficient anti-cancer therapy. In this review, we described the functions of metabolic enzymes and metabolites from glycolysis, gluconeogenesis, and TCA cycle in tumorigenesis with an emphasis on their non-metabolic functions. We also described how they are regulated and their effects on chromatin modifications.



METABOLIC REGULATION OF TUMOR CELL PROLIFERATION


The Role of Glycolytic Enzymes in Tumorigenesis


Hexokinase

Hexokinase (HK2) is the first rate-limiting enzyme in glycolysis, which is highly expressed in tumor cells and acts as a potential target for cancer treatment (Chen J. et al., 2014). HK2 binds to the mitochondrial membrane via its interaction with the outer membrane porin protein, voltage-dependent anion channel (VDAC) (Figure 1). VDAC is a critical channel that regulates the release rate of mitochondrial intermembrane pro-apoptotic proteins, such as cytochrome c (Linden et al., 1982). The interaction between HK2 and VDAC inhibits the release of intermembrane pro-apoptotic proteins, thereby protecting tumor cells from apoptosis (Figure 1) (Linden et al., 1982). HK2 has also been reported to interact with the mammalian target of rapamycin complex 1 (mTORC1) by binding to its subunit, regulatory-associated protein of mTOR (Raptor) (Figure 1) (Roberts et al., 2014). Upon glucose deprivation, HK2 directly binds to mTORC1 to inhibit its function and activate the protective autophagy pathway (Roberts et al., 2014).


[image: Figure 1]
FIGURE 1. The effect of glycolysis and gluconeogenesis on tumor cell proliferation. Cancer cells have increased glucose uptake, leading to accelerated glycolysis and biomass accumulation. The high expression of GLUT1, HK2, PGI, PFK, Aldolase, GAPDH, and PKM2 significantly accelerates aerobic glycolysis. Increased lactate dehydrogenase (LDH) activity and decreased pyruvate dehydrogenase (PDC) activity result in increased lactate export, attenuated TCA cycle and diversion of glycolysis to pentose phosphate pathway (PPP). HK2 not only directly binds to mTORC1 to activate autophagy, but also interacts with VDAC to protect tumor cells from apoptosis. PGI inhibits cell apoptosis by inhibiting the expression of Apaf-1 and caspase-9 and activating the PI3K/Akt signaling pathway. Acetylated nuclear GAPDH promotes tumorigenesis by activating p300 and promoting p53 expression. Aldolase promotes cell cycle progression through the EGFR/MAPK signaling pathway, and activates AMPK to maintain tumor cell survival in glucose deficiency. Nuclear PKM2 performs a variety of non-metabolic functions to promote cell cycle progression. Low expression of pyruvate carboxylase (PC), the key enzyme of gluconeogenesis, is essential for the proliferation of some cancer cells. PC is essential for the synthesis of fatty acid and glycerol in cancer cells. The low expression of the key enzyme PEPCK of gluconeogenesis is beneficial for the proliferation of cancer cells. FBPase acts as a tumor suppressor and inhibits the proliferation of tumor cells. G6PT promotes the invasion of glioblastoma by interacting with MT1-MMP. HK2, hexokinase 2; G-6-P, glucose-6-phosphate; PGI, phosphoglucose isomerase; F-6-P, fructose-6-phosphate; FBP, fructose-1,6-biphosphate; G-3-P, glyceraldehyde-3-phosphate; 3-P-G, 3-phosphoglycerate; GAPDH, Glyceraldehyde-3-phosphate dehydrogenase; PKM2, Pyruvate kinase M2; LDH, lactate dehydrogenase; PC, Pyruvate carboxylase; PCK1/2, phosphoenolpyruvate carboxykinase 1/2; PDC, pyruvate dehydrogenase complex; PEP, phosphoenolpyruvate; PKM2, pyruvate kinase M2; FBPase, fructose-1,6-bisphosphatase; G6Pase, glucose-6-phosphatase.


The expression of HK2 is closely correlated to the occurrence of cancers such as laryngeal cancer and breast cancer, metastasis of breast cancer cells and poor prognosis of patients (Palmieri et al., 2009; Kwee et al., 2012; Min et al., 2013). HK2 expression is regulated by microRNAs, long non-coding RNA and various transcript factors. The expression of miR-143 is negatively correlated with the HK2 expression level in a variety of cancers, including prostate cancer, breast cancer, and head and neck squamous cell carcinoma (HNSCC) (Zhang et al., 2017). miR-143 directly targets the 3′UTR (3′ untranslated region) of HK2 to repress its expression (Peschiaroli et al., 2013). miR-155 down-regulates the transcription of miR-143 by targeting its transcription activator C/EBP β, which then affects HK2 expression (Jiang et al., 2012). The long non-coding RNA UCA1 up-regulates HK2 transcription by repressing miR-203 and upregulated UCA1 enhances the malignant phenotype of esophageal cancer (Liu et al., 2020). HK2 is also regulated by transcription factors. For example, hypoxia-inducible factor 1α (HIF-1α) binds the promoter of HK2 to activate HK2 transcription, which accelerates glycolysis and facilitates cutaneous squamous cell carcinoma (cSCC) development (Zhou et al., 2018). In addition, the expression of HK2 is activated by transforming growth factor-β (TGF-β) and this activation requires transcription factors like Smad2, Smad3, and c-Myc (Yin et al., 2019).



Phosphoglucose Isomerase

Phosphoglucose isomerase (PGI) is the second glycolytic enzyme, which is highly expressed in a variety of tumor cells, including human breast carcinoma BT-549 cells,human colon cancer cell HCT116, human bladder cancer cell J82 (Tsutsumi et al., 2004, 2009; Funasaka et al., 2009). In lung cancer patients, high PGI expression is associated with poor prognosis and reduced survival rate (Funasaka et al., 2005). The activity of PGI1 can be inhibited by small molecules, i.e., the glucose analog, 2-deoxy-D-glucose (2-DG) (Figure 1) (Pusapati et al., 2016). The small molecule inhibitor, Esculetin can directly bind PGI and repress its activity, which triggers apoptosis and inhibits tumor growth (Wu S. T. et al., 2020).

PGI also acts as an autocrine motility factor (AMF) in tumor progression and metastasis (Funasaka et al., 2005). Its receptor, AMFR/gp78 is overexpressed in multiple tumors and correlated with poor prognosis (Pusapati et al., 2016). It is known that PGI/AMF can function as an anti-apoptotic factor. PGI/AMF down-regulates the expression of apoptotic protease activating factor-1 (Apaf-1) and caspase-9 genes to reduce apoptosis (Haga et al., 2003). In addition, PGI/AMF can reduce apoptosis by activating the PI3K/Akt signaling pathway (Figure 1) (Fruman and Rommel, 2014).



Phosphofructokinase 1

Phosphofructokinase 1 (PFK1) catalyzes the conversion of fructose-6-phosphate into fructose-1,6-bisphosphate. PFK1 has 3 isoforms: platelet (PFKP), muscle (PFKM) and liver (PFKL), among which PFKP is the major PFK1 isoform and overexpressed in human glioblastoma cells (Mor et al., 2011). PFK1 facilitates tumor growth as knockdown of PFK1 inhibits the migration and proliferation of colorectal cancer (Lang et al., 2019).

The activity of PFK1 is regulated by different covalent modifications. For example, PFPKP can be acetylated by lysine acetyltransferase 5 (KAT5) at lysine 395 (K395) upon activation of the epidermal growth factor receptor (EGFR) (Lee et al., 2018). Acetylated PFPKP then translocates into the plasma membrane, where it is phosphorylated by EGFR at tyrosine 64 (Y64) to enhance its activity (Lee et al., 2018). PFKP can also been phosphorylated by AKT at serine 386 (S386), which protects PFKP from degradation and facilitates tumor growth (Lee et al., 2017). Under anaerobic conditions, PFK1 is modified by O-linked β-N-acetylglucosamine (O-GlcNAc) at serine 529 (S529) (Yi et al., 2012). Glycosylation of PFK1 reduces its activity and diverts the glucose flux into the pentose phosphate pathway (PPP), resulting in a significant increase in NADPH, which promotes the proliferation and tumorigenicity of lung cancer cells (Yi et al., 2012).



Aldolase

Aldolase catalyzes the conversion of fructose 1-6-diphosphate to glyceraldehyde 3-phosphate and dihydroxy-acetone phosphate. Aldolase has three tissue-specific isozymes: ALDOA (muscles), ALDOB (liver) and ALDOC (neuronal tissue) (Lincet and Icard, 2015). Among these isozymes, ALDOA is overexpressed in a series of cancers, including colorectal cancer, hepatocellular carcinoma, lung cancer, and pancreatic cancer and promotes tumor growth, invasion, and migration (Du et al., 2014; Shimizu et al., 2014; Ji et al., 2016; Kawai et al., 2017). Mechanistically, ALDOA activates the EGFR/MAPK pathway to up-regulate the expression of cell cycle protein D1 (cyclin D1) (Fu H. et al., 2018). In lung cancer, ALDOA stabilizes HIF-1α to activate its downstream target MMP9, which enhances lung cancer invasion and migration (Chang et al., 2017). ALDOA also interacts with γ-actin to promote metastasis of non-small cell lung cancer (NSCLC) and blocking this interaction decreases metastasis (Figure 1) (Chang et al., 2019).

Unlike ALDOA, ALDOB is significantly reduced in metastasis-inclined HCC (MIH) and its role in tumorigenesis is ambiguous (Tao et al., 2015). Overexpression of ALDOB inhibits the metastasis of liver cancer cells by inducing Ten-Eleven Translocation 1 (TET1) (Tao et al., 2015). However, another study found that ALDOB is significantly up-regulated by GATA6 in metastatic liver cancer cell HCT116 to accelerate fructose metabolism, which is beneficial to tumor cell proliferation and metastasis (Li et al., 2017). Further efforts are required to elucidate the precise function of ALDOB in tumorigenesis.



Glyceraldehyde-3-Phosphate Dehydrogenase

Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) catalyzes the reversible conversion of glyceraldehyde-3-phosphate to 1,3-bisphosphoglycerate. Although GAPDH is a known glycolytic enzyme, it has some non-metabolic functions in tumorigenesis. GAPDH has been reported to increase glycolysis and autophagy to protect cells from caspase-independent cell death (CICD) (Colell et al., 2007). GAPDH accelerates glycolysis to increase ATP production, which is associated with its protective effect from apoptosis in the absence of caspase activation (Colell et al., 2007). Under the same conditions, GAPDH facilitates the expression of Atg12 and increases the autophagic flow, which further preserves cell survival (Colell et al., 2007). Under starvation conditions, GAPDH can inhibit multiple transport pathways including Coat Protein I (COPI) transport by targeting the GTPase-activating protein (GAP) against ADP-Ribosylation Factor 1 (ARF1) (Yang et al., 2018). Consequently, GAPDH reduces energy consumption and maintains energy homeostasis (Yang et al., 2018).

The biological function of GAPDH is closely related to its subcellular location (Tristan et al., 2011). When GAPDH is localized in the cytoplasm, GAPDH can interact with the GTPase Rheb to regulate mTOR and autophagy. During glucose starvation, the interaction between GAPDH and Rheb is enhanced, which dissociates Rheb from mTORC1 to reduce its activity and induce autophagy (Lee et al., 2009). Under high glucose conditions, the glycolytic metabolite glyceraldhyde-3-phosphate interferes with the interaction between GAPDH and Rheb, which promotes mTORC1 activity (Lee et al., 2009). When GAPDH is localized in the mitochondria, GAPDH binds to voltage-dependent anion channels (VDAC) to promote the release of cytochrome c and apoptosis-inducing factor (AIF) to induce apoptosis under stress conditions (Tristan et al., 2011). GAPDH has also been reported to translocate into the nucleus when it is S-nitrosated (Kornberg et al., 2010). In the nucleus, GAPDH can interact with the E3 ubiquitin ligase Siah and enhance its activity, leading to Siah-dependent degradation of nuclear proteins and cell death (Hara et al., 2005). The nucleus nitrosylated GAPDH can also interact with the histone deacetylase SIRT1, HDAC2, and DNA-activated protein kinase (DNA-PK) to inhibit their catalytic activity (Kornberg et al., 2010).

GAPDH undergoes various types of covalent modifications, which regulate its localization and/or activity. GAPDH has been reported to be phosphorylated at serine 122 (S122) by AMP-activated protein kinase (AMPK), which promotes its localization in the nucleus (Chang et al., 2015). In the nucleus, the AMPK-phosphorylated GAPDH can competitively bind to SIRT1 and displace SIRT1 repressor DBC1 to activate SIRT1 (Chang et al., 2015). As SIRT1 can stimulate autophagy by deacetylating autophagy protein LC3, the nucleus GAPDH increases autophagy to facilitate cell survival in the absence of glucose (Chang et al., 2015). In addition, GAPDH can be acetylated by histone acetyltransferase p300 and CREB-binding protein CBP, which then enhances the catalytic activity of p300/CBP in a positive feedback manner (Figure 1) (Sen et al., 2008). The nitrosylated GAPDH is translocated to the nucleus and interacts with p300/CBP. Upon acetylation, the nitrosylated GAPDH can deliver the N-Nitroso group to p300/CBP to promote their self-acetylation and enhance their activity (Sen et al., 2008). Activated p300/CBP up-regulates the transcription of their downstream targets, i.e., P53 to inhibit tumor cell proliferation (Tristan et al., 2011).



Pyruvate Kinase

Pyruvate kinase (PK) is the last rate limiting enzyme in glycolysis, which catalyzes the production of pyruvate from phosphoenolpyruvate (PEP). PK has four different subtypes L, R, M1, M2 that are encoded by two different genes PKLR and PKM. The L-type and R-type isozymes are encoded by the gene PKLR with differential splicing of RNA. While L-type isoenzyme is mainly expressed in liver, kidney, and intestine, R-type isoenzyme is mainly expressed in erythrocytes (Mazurek, 2011). PKM gene can undergo alternative splicing to form PKM1 containing exon 9 or PKM2 containing of exon 10. Although PKM1 can activate glucose catabolism, stimulate autophagy, and promote the proliferation of malignant tumors, including pulmonary neuroendocrine tumors (NETs) and small cell lung cancer (SCLC) (Morita et al., 2018), PKM2 is considered as a specific pyruvate kinase in tumor cells (Israelsen and Vander Heiden, 2015; Morita et al., 2018). PKM2 exists in two states: a dimeric form and a tetrameric form with different PK activities. When PKM2 is in a tetrameric state, it has high PK activity to participate in glycolysis; PKM2 has low PK activity in a dimeric state (Israelsen and Vander Heiden, 2015). Compared with constitutive active PKM1, the activity of PKM2 is low and activated only in the presence of allosteric activators (Chaneton and Gottlieb, 2012). The low PK activity of PKM2 contributes to the “Warburg effect” and metabolic reprogramming in cancer cells. For example, PKM2 diverts glucose metabolism to anabolic metabolism, including the pentose phosphate pathway (PPP), uronic acid pathway (UAP), and polyol pathway (PYP) in a variety of tumor cells and clinical cancer patients, which allows cells to synthesize biological macromolecules (Zhang Z. et al., 2019). The work in yeast revealed that the low PK activity facilitates the diversion of glycolysis to pentose phosphate pathway, which enables cells to accumulate NADPH to maintain the redox balance (Tosato et al., 2012). This implies an important role of PKM2 in tumorigenesis by regulating the antioxidant defense of tumor cells as the strong deregulation of the oxidative stress network has been described in yeast cells with chromosome translocation, which serves as model to study the formation of neoplastic mammalian cells (Sims et al., 2016). In fact, in human lung cancer cells, increased intracellular reactive oxygen species (ROS) concentrations inhibits the glycolytic enzyme pyruvate kinase M2 (PKM2) by oxidating PKM2 at Cys358, which is required to divert glucose flux into the pentose phosphate pathway to combat ROS (Anastasiou et al., 2011).

Due to its important role in tumorigenesis, PKM2 is regulated at both transcriptional and post-transcriptional levels. Three splicing factors, hnRNPL (PTB), hnRNPAI, hnRNPA2 can directly bind exon 9 of PKM mRNA, which releases exon 10 and promotes PKM2 expression (Chen et al., 2012). Once activated by epidermal cell growth factor (EGF), the epidermal cell growth factor receptor (EGFR) upregulates the expression of PKM2 by activating the PLCγ1-PKCε-IKKβ-RelA signaling cascade (Yang et al., 2011). PKM2 also undergoes some posttranslational modifications to regulate its activity (Zhang Z. et al., 2019). The acetylation of PKM2 at lysine 305 (K305) reduces its kinase activity by reducing its binding affinity to PEP (Lv et al., 2011). Meanwhile, the acetylation of PKM2 at K305 increases its interaction with heat shock cognate protein 70 (HSC70), which then promotes its degradation by chaperone-mediated autophagy (Lv et al., 2011). The acetylation of KM2 at lysine 433 (K433) inhibits its PK activity by interfering with its binding to allosteric activator FBP (Lv et al., 2013). PKM2 is phosphorylated by fibroblast growth factor receptor type 1 (FGFR1) at tyrosine 105 (Y105), which inhibits its binding to FBP, resulting in a decrease of its activity (Hitosugi et al., 2009).

PKM2 has been reported to function as a transcription cofactor to regulate gene expression. PKM2 can directly interact with the HIF-1α and facilitate the recruitment of HIF-1α and p300 to hypoxia response elements to activate the transcription of HIF-1α target genes (Luo et al., 2011). Nuclear PKM2 binds to β-catenin/TCF/LEF, thereby activating the expression of β-catenin downstream genes, i.e., CCND1 and MYC to promote cell proliferation (Yang et al., 2011). PKM2 forms a complex with pyruvate dehydrogenase (PDC) and p300, which promotes histone acetylation and activates the transcription of aromatic hydrocarbon receptor genes (Figure 1) (Zhang Z. et al., 2019).

Notably, PKM2 has been reported to function as a protein kinase to perform a variety of biological functions. PKM2 phosphorylates the mTORC1 inhibitor AKT1S1 to activate mTORC1 signaling pathway, inhibit autophagy in cancer cells and accelerates oncogenic growth (He et al., 2016). PKM2 inhibits oxidative stress-induced apoptosis by phosphorylating BCL2 to increase its protein stability (Liang et al., 2017). PKM2 phosphorylates the signal transducer and activator of transcription 3 (STAT3) to activate the expression of genes required for tumor cell proliferation (Li et al., 2015) (Figure 1). Nuclear PKM2 phosphorylates β-catenin at tyrosine 333 (Y333) to enhance β-catenin recruitment and dissociate histone deacetylase HDAC3 at the CCND1 promoter region, which eventually promotes CCND1 transcription and cell cycle progress (Yang et al., 2011). PKM2 has also been reported to modulate histone modifications, which will be discussed later.



Lactate Dehydrogenase

The LDH family has three isoenzymes: LDHA, LDHB, and LDHC. Among them, LDHA catalyzes the conversion of pyruvate to lactate (Feng et al., 2018); LDHB catalyzes the conversion of lactate to pyruvate (Brisson et al., 2016); LDHC is only expressed in the testis (Hua et al., 2017). LDHA is highly expressed in a variety of tumor cells, includes hepatocellular carcinoma, breast cancer, pancreatic cancer, sophageal squamous cell carcinoma (Sheng et al., 2012; Zhao et al., 2013; Hua et al., 2017; Mohammad et al., 2019; Zhou et al., 2019). Knockout or inhibition of LDHA significantly retards tumor cell proliferation, metastasis, and induces cell apoptosis (Zhuang et al., 2010; Miao et al., 2013), indicating that LDHA plays an important role in tumorigenesis and metastasis.

Under both normal and hypoxic conditions, tumor cells rely heavily on LDHA for energy production (Fantin et al., 2006). LDHA may increase the carcinogenicity of intestinal-type gastric cancer (ITGC) by indirectly regulating the expression of octamer-binding transcription factor 4 (Oct-4) (Zhang et al., 2012). LDHA also protects tumor cells from ROS and apoptosis (Le et al., 2010).

The activity of LDHA can be regulated by post-translational modifications. LDHA is phosphorylated at tyrosine 10 (Y10) by oncogenic receptor tyrosine kinase FGFR1, which facilitates the formation of active LDHA tetramers (Fan et al., 2011). FGFR1-catalyzed LDHA phosphorylation can be enhanced by adenylate kinase hCINAP to augment the catalytic activity of LDHA (Ji et al., 2017). LDHA can also be acetylated and recognized by HSC70, which then delivers LDHA to lysosome to be degraded (Zhao et al., 2013).

LDHB is also essential for tumorigenesis and tumor cell survival, which is associated with its regulatory role in autophagy. Protons generated by LDHB is necessary to promote lysosomal acidification and maintain basal autophagy in cancer cells (Brisson et al., 2016). LDHB can be phosphorylated by Aurora-A to promote glycolysis and tumor progression (Cheng et al., 2019). In addition, LDHB is acetylated at lysine 329 (K329), which can be deacetylated by SIRT5 to enhance its activity (Shi et al., 2019). SIRT5-mediated LDHB deacetylation promotes autophagy and tumorigenesis (Shi et al., 2019).




Gluconeogenesis Enzymes and Tumorigenesis

The glucose concentration in the central area of solid tumors is low (Butler et al., 1975). In the absence of glucose, tumor cells need to use smaller carbon substrates such as lactate and amino acids to synthesize glucose and precursors required for tumor cell growth by gluconeogenesis (Hu et al., 2017). Therefore, the key enzymes in the process of gluconeogenesis are also critical to cancer occurrence and development.


Pyruvate Carboxylase

Pyruvate carboxylase (PC) not only provides oxaloacetate for gluconeogenesis, but also participates in the de novo synthesis of fatty acids and the synthesis of glycerol (Jitrapakdee et al., 2006). PC catalyzes the conversion of pyruvate to oxaloacetate, which is then condensed with acetyl-CoA to form citrate. The PC-mediated pyruvate/citrate cycle is necessary for de novo fatty acid synthesis (Ballard and Hanson, 1967; Kajimoto et al., 2005). Glycerol is also derived from oxaloacetate with the coordinated action of PC and phosphoenolpyruvate carboxykinase (PEPCK). PEPCK converts oxaloacetate to phosphoenolpyruvate (PEP), which is subsequently converted to glycerol (Reshef et al., 2003).

PC is overexpressed in human breast cancer tissues and correlated with the late stage of tumor progression (Phannasil et al., 2015). PC is important to support the growth and invasion of breast cancer (Phannasil et al., 2015). In addition to anaplerosis, PC affects pyruvate cycling and biosynthesis of metabolites such as the serine, glycine, 5-carbon sugar, and fatty acids (Phannasil et al., 2017).



Phosphoenolpyruvate Carboxykinase

Phosphoenolpyruvate carboxykinase (PEPCK) decarboxylates and phosphorylates oxaloacetate to form PEP in the second step of gluconeogenesis. PEPCK has two isozymes: PEPCK1 (encoded by PCK1), PEPCK2 (encoded by PCK2), which are distributed in the mitochondria and cytoplasm, respectively (Figure 1). PEPCK1 is overexpressed in colorectal cancer and melanoma (Li Y. et al., 2015), whereas PEPCK2 is highly expressed in lung cancer (Vincent et al., 2015), prostate cancer (Zhao et al., 2017), and breast cancer (Mendez-Lucas et al., 2014).

The effect of PEPCK on tumorigenesis is tissue-specific. Overexpression of PEPCK1 activates mTORC1 to promote glycolysis and facilitate colorectal cancer proliferation (Vincent et al., 2015). Under the conditions of glucose deficiency, amino acid limitation, and endoplasmic reticulum (ER) stress, the transcription of PEPCK2 is up-regulated, thereby increasing the adaptability of breast cancer cells to stress conditions (Morita et al., 2018). However, PEPCK1 has been reported to be down-regulated and function as a tumor suppressor in clear cell renal cell carcinoma (ccRCC), liver cancer and hepatocellular carcinoma (HCC) (Tuo et al., 2018, 2019; Shi et al., 2020). Overexpression of PEPCK1 in liver cancer cells significantly reduces the level of cellular ATP to activate AMPK and promote the expression of p27, which causes cell cycle arrest at G1 phase (Tuo et al., 2019). Knockdown of PEPCK1 in ccRCC cells increases the stability of LDHA to enhance the “Warburg effect” and promote cell proliferation and metastasis (Shi et al., 2020). Overexpression of PCK1 can inhibit proliferation of hepatoma cells by reducing the production of ROS and repressing the expression of thioredoxin reductase 1 (TXNRD1) (Tuo et al., 2018).



Fructose-1,6-Bisphosphatase

Fructose-1,6-bisphosphatase (FBPase) catalyzes the second rate-limiting reaction of gluconeogenesis. There are two isoforms of FBPase in mammals: FBP1 (liver) and FBP2 (muscle). Both FBP1 and FBP2 function as tumor suppressors to inhibit the proliferation of tumor cells. Depletion of FBP1/2 contributes to the initiation, promotion and progression of a variety of tumors, including pancreatic ductal adenocarcinoma (PDAC) (Moore et al., 2012), ccRCC (Hirata et al., 2016), colon cancer (Zhang et al., 2016), gastric cancer (Bigl et al., 2008), lung cancer (Gutteridge et al., 2017), and cervical carcinoma (Zhang Y. P. et al., 2019). The FBP1 promoter region in tumor cells is hypermethylated to silent its expression, which is beneficial to tumor cell survival and proliferation (Gutteridge et al., 2017). Knockdown of FBP1 can promote the epithelial-mesenchymal transition, invasion, and metastasis of prostate cancer cells by activating the MAPK signaling pathway, while overexpression of FBP1 can inhibit the proliferation and metastasis of cholangiocarcinoma cells through the Wnt/β-catenin pathway (Figure 1) (Zhao et al., 2018). FBP2 has also been reported to activate the AMPK signal transduction, inhibit the Akt-mTOR pathway, attenuate glucose metabolism, enhance cell apoptosis, and inhibit tumor cell proliferation (Figure 1) (Li et al., 2013).



Glucose-6-Phosphatase

Glucose-6-phosphatase (G6Pase) catalyzes the last step of gluconeogenesis, which consists of glucose-6-phosphatase catalytic subunit (G6PC) and glucose-6-phosphate translocase (G6PT). G6PT transports glucose-6-phosphate (G-6-P) from the cytoplasm into the endoplasmic reticulum (ER) lumen, where G-6-P is hydrolyzed by G6PC. G6Pase is overexpressed in non-gluconeogenic tumors such as ovarian cancer and glioblastoma (Wang and Dong, 2019). In G6PC-rich ovarian cancer and glioblastoma, G6PC facilitates tumor growth by promoting glycogenolysis. Knockdown of G6PC activates the expression of glycogen synthase and reduces the expression of glycogen phosphorylase, leading to accumulation of glycogen and cell cycle arrest, thereby inhibiting tumor cell proliferation and triggering cell death (Wang and Dong, 2019). In addition, G6PC positively regulates cell cycle progression by modulating cyclin dependent kinase inhibitor 1B (CDKN1B) (Guo et al., 2015). Inhibition of G6PC can enhance the phosphorylation of CDKN1B, thereby reducing the expression of CDK2 and cyclin D1, leading to cell cycle arrest (Guo et al., 2015). G6PT can also promote the invasion of glioblastoma in combined with membrane type 1 matrix metalloproteinase (MT1-MMP) (Fortier et al., 2008). Inhibition of G6PT and MT1-MMP blocks the MAPK pathway and prevents brain tumor invasion (Figure 1) (Fortier et al., 2008). Under hypoxia conditions, knockout of G6PT induces necrosis of glioblastoma cells (Lord-Dufour et al., 2009). However, in glycemic-rich tissues such as liver, G6PC mainly acts on gluconeogenesis and glycogen accumulation, which is not beneficial for tumorigenesis. Thus, G6PC is often expressed at low levels in liver cancer tissues to accumulate a large amount of G-6-P, which could be used for nucleotide synthesis (Wang et al., 2012).




TCA Cycle and Tumorigenesis

TCA cycle is the central hub of energy metabolism, macromolecule synthesis, and redox balance. Enzymes in the TCA cycles play important roles in cancer metabolism and tumorigenesis (Anderson et al., 2018). In this section, we will describe the following TCA enzymes: citrate synthase (CS), isocitrate dehydrogenase (IDH), α-ketoglutarate dehydrogenase complex (α-KGDHC), and succinate dehydrogenase (SDH).


Citrate Synthase

Citrate synthase (CS) is the first rate-limiting enzyme in the TCA cycle, catalyzing the formation of citrate from acetyl-CoA and oxaloacetate (Figure 2). Growing evidence indicates that CS plays an important role in regulating cancer cell growth and tumorigenesis (Chen L. et al., 2014). Knockdown of CS inhibits tumor cell proliferation, cell colony formation, cell migration, cell invasion, and cell cycle progression (Cai et al., 2020).
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FIGURE 2. Tricarboxylic acid (TCA) cycle and chromatin demethylation in cancer cells. Although the TCA cycle is repressed in tumor cells, it is also essential for tumor growth. α-KG derived from glucose metabolism or glutamine is essential for tumor cell proliferation and chromatin demethylation. α-KG can be metabolized to succinate and fumarate by FH and SDH in the TCA cycle, respectively. Succinate and fumarate are competitive inhibitors of α-KG dependent demethylases. α-KG can also be converted to 2-HG by mutated isocitrate dehydrogenase 1/2 (IDH1/2). 2-HG is a competitive inhibitor of α-KG-dependent demethylase, which can inhibit DNA methylation mediated by TET2 and JMJD2D, and FTO-mediated m6A-dependent mRNA degradation. PDC, pyruvate dehydrogenase complex; CS, citrate synthase; FH, fumarate dehydrogenase; SDH, succinate dehydrogenase; IDH1/2/3, isocitrate dehydrogenase 1 and 2 and 3; Mut IDH1/2, mutated isocitrate dehydrogenase 1 and 2; α-KG, α-ketoglutarate; FTO, fat mass- and obesity-associated; YTHDF2, YTH domain-containing family protein 2.


The expression of CS is regulated by STAT3. Inhibition of STAT3 down-regulates the expression of CS and thus inhibits cell growth and proliferation (MacPherson et al., 2017). Exogenous addition of sodium citrate attenuates this inhibitory effect (MacPherson et al., 2017).



Isocitrate Dehydrogenase

Isocitrate dehydrogenase (IDH) is the second rate-limiting enzyme in the TCA cycle. IDH is composed of three isoenzymes: the cytoplasmic IDH1 and the mitochondrial IDH2/3 (Figure 2). IDH is mutated in a variety of tumor cells (Sajnani et al., 2017). IDH mutations stimulate the occurrence of cancer in a variety of biological processes. Tumor cells with IDH1R132H mutations can increase the level of HIF-1α, thereby promoting tumor cell growth (Figure 2) (Zhao et al., 2009). The IDH1 R132H mutant catalyzes the conversion of α-KG to oncometabolite 2-hydroxyglutamate (2-HG) (Figure 2). The mutations of R172 and R140 in IDH2 lead to accumulation of 2-HG at extremely high levels (Dang et al., 2016). High levels of 2-HG competitively inhibit the activities of α-KG-dependent histone demethylase and TET2 DNA demethylase, leading to global chromatin methylation disorders, which is beneficial to tumorigenesis (Chowdhury et al., 2011; Xu et al., 2011). Interestingly, 2-HG has also been reported to repress tumor cell proliferation by targeting FTO/m6A/MYC/CEBPA signals (Figure 2) (Su et al., 2018). R-2HG targets Fat mass and obesity-associated (FTO) and inhibits its RNA demethylase activity, which significantly increases the abundance of m6A in cancer cells, leading to degradation of myc/CEBPA mRNAs in an m6A-dependent manner (Su et al., 2018). As a consequence, tumor cell proliferation is impaired (Su et al., 2018). Inhibition of FTO by R-2-HG also ameliorates aerobic glycolysis by increasing m6A levels in the mRNA of phosphofructokinase (PFKP) and LDHB, which reduces the expression of PFKP and LDHB (Qing et al., 2021).



α- Etoglutarate Dehydrogenase Complex

α-ketoglutarate dehydrogenase complex (α-KGDHC) is the third rate-limiting enzyme in the TCA cycle, which is composed of α-KG dehydrogenase (OGDH), dihydrolipidamide S-succinyltransferase (DLST) and dihydrolipidamide dehydrogenase (DLD). The expression of OGDH is low in many cancers due to DNA hypermethylation at its promoter and the low expression of DLD is related to the poor prognosis of some cancer patients (Zhang et al., 2015; Shin et al., 2020). Recent studies have shown that the α-KGDH complex enters into the nucleus and acts with lysine acetyltransferase 2A (KAT2A) to catalyze histone succinylation, which is beneficial for cell proliferation and tumor development (Figure 2) (Wang et al., 2017).



Succinate Dehydrogenase

Succinate dehydrogenase (SDH) converts succinate to fumarate. Mutations or loss of function of SDH can lead to hereditary paraganglioma, pheochromocytoma, and other genetic syndrome (Sajnani et al., 2017). The single-base substitution of SDH that causes a 33-amino acid C terminal truncation of SDHC protein, increases the intracellular ROS, which leads to metabolic stress, genome instability, and promote tumorigenesis (Slane et al., 2006). Meanwhile, SDH mutation can lead to the accumulation of succinate, which can activate succinate receptor 1 (SUCNR1), also known as regulatory G protein coupled metabolic receptor 91 (GPR91), and stimulate the release of vascular endothelial growth factor (VEGF), which then activates various kinase signal transduction pathways involved in tumorigenesis, angiogenesis, and other biological processes (Sajnani et al., 2017).





IMPACT OF GLUCOSE METABOLITES ON TUMORIGENESIS

In order to fulfill the needs of tumor cell growth and proliferation, tumor cells must increase the uptake of nutrients. Glucose and glutamine are the two main nutrients used for cell proliferation and biomacromolecule synthesis in tumor cells (Pavlova and Thompson, 2016). Lactate has recently been shown to serve as an energy source to help tumor cells survive in the absence of glucose (Rabinowitz and Enerback, 2020). Therefore, glucose-derived intermediate metabolites have become the targets of cancer treatment. Limiting the glucose uptake or repressing the expression and activity of glucose transporter GLUT1 can significantly inhibit the proliferation and survival of a variety of tumor cells (Gras et al., 2014). Mannose, as a monosaccharide, shares the same transporter with glucose, which significantly inhibits the growth of various tumor cells and the proliferation of xenogeneic tumors in nude mice (Figure 3A) (Gonzalez et al., 2018). 2-DG is a glucose analog, which is also transported by GLUT into cells and then phosphorylated by hexokinase to form 2-deoxy-D-glucose-6-phosphate (2DG-6-P) (Zhang et al., 2014). The accumulation of 2DG-6-P attenuates glycolysis by non-competitively inhibiting HK and competitively inhibiting PGI, which in turn leads to reduced ATP production, cell cycle arrest, and cell death (Figure 1) (Zhang et al., 2014).
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FIGURE 3. The effect of mannose and pyruvate on cancer cell proliferation. (A) Exogenous mannose generates mannose-6-phosphate under the catalysis of hexokinase. High levels of mannose-6-phosphate significantly inhibit aerobic glycolysis and pentose phosphate pathway (PPP) by inhibiting the activities of hexokinase, PGI and G6PD, which affects lactate production and TCA cycle, resulting in cell growth arrest and chemotherapeutic sensitivity. (B) Pyruvate represses histone gene expression by inducing the expression of NAD+ biosynthesis enzyme, nicotinamide phosphoribosyltransferase (NAMPT) via myocyte enhancer factor 2C (MEF2C), which then increases NAD+ levels and activates the histone deacetylase activity of SIRT1. Downregulated histone gene expression leads to cell cycle arrest and tumor cell growth defects. HKs, hexokinases; G-6-P, glucose-6-phosphate; M-6-P, Mannose-6-phosphate; PMI, Mannose-6-phosphate isomerase; PGI, phosphoglucose isomerase; F-6-P, fructose-6-phosphate; LDH, lactate dehydrogenase; SLC5A8, Sodium-coupled monocarboxylate transporter 1; MCT1, Monocarboxylate transporter 1; MCT4, Monocarboxylate transporter 4; MEF2C, myocyte enhancer factor 2C; NAMPT, nicotinamide phosphoribosyltransferase; SIRT1, Silent mating type information regulation 2 homolog-1; NPAT, Nuclear protein of the ataxia telangiectasia mutated locus.



Pyruvate

Our recent study shows that cancer cells prefer low intracellular pyruvate as the intracellular pyruvate concentration is lower in cervical cancer and lung cancer than adjacent normal tissues (Ma et al., 2019). Exogenous supplied pyruvate inhibits the proliferation of various types of cancer cells, including human cervical cancer cells, liver carcinoma cells, and breast adenocarcinoma cells pyruvate as well as xenografted tumor, implying that pyruvate can function as a potential anti-cancer compound (Ma et al., 2019). Further study indicates that pyruvate reduces the expression of core histone genes to decompact chromatin structure and cause cell cycle arrest (Figure 3B) (Ma et al., 2019). Mechanistically, pyruvate induces the expression of NAD+ biosynthetic enzyme nicotinamide phosphoribosyl transferase (NAMPT) by activating myocyte enhancer factor 2C (MEF2C). The up-regulated NAMPT significantly promotes the biosynthesis of NAD+, thereby enhancing the activity of the NAD+-dependent histone deacetylase SIRT1. The activated SIRT1 reduces H3K9ac in the promoter region of histone genes and represses histone gene transcription (Ma et al., 2019).

The pyruvate analogs have also been reported to have anti-cancer effects. 3-bromopyruvate not only effectively attenuates aerobic glycolysis of tumor cells, but also inhibits mitochondrial oxidative phosphorylation (Fan et al., 2019; Linke et al., 2020). Ethyl pyruvate, another derivative of pyruvate, has recently been reported to inhibit tumor cell invasion, migration, and apoptosis (Liu Q. et al., 2019; Zhang T. et al., 2019). Specifically, ethyl pyruvate inhibits the growth of non-small cell lung cancer (NSCLC) by blocking the high mobility group box 1 (HMGB1)-RAGE axis and NF-κB/STAT3 pathway (Liu Q. et al., 2019). Ethyl pyruvate down-regulates the expression of HMGB1 and RAGE, induces the accumulation of cell cycle inhibitor p27, which leads to blockage of cell cycle progression (Liu Q. et al., 2019; Zhang T. et al., 2019).



Lactate

Increased lactate production has been considered as an important marker of the “Warburg effect.” Lactate not only acts as an energy source and gluconeogenic precursor to protect cancer cells from glucose deprivation, but also functions as a signaling molecule to mediate a variety of biological processes (Hu et al., 2017; Brooks, 2020). As a shuttle molecule, lactate plays an important role in converting oxidative cells to glycolytic cells. Lactate inhibits prolylhydroxylase 2 activity and activates HIF-1α in normoxic oxidative tumor cells. HIF-1α then up-regulates the transcription of glycolytic enzymes, which accelerates glycolysis and promotes tumor growth (De Saedeleer et al., 2012). In addition to HIF-1α, lactate also affects the transcription of key oncogenes (MYC, RAS, PI3KCA), transcription factors (E2F1), tumor suppressors (BRCA1, BRCA2) and genes involved in cell cycle and proliferation (San-Millan et al., 2019). Lactate can also stabilize HIF-2α and activate MYC to induce glutamine transporter ASCT2 and glutaminase 1 (GLS1). The high expression of GLS1 promotes the uptake and catabolism of glutamine, which is beneficial for the survival and proliferation of oxidative cancer cells (Brooks, 2020). Another important mechanism by which lactate regulates gene expression is causing lactylation of lysine residues on histones, which will be discussed later. Therefore, targeting lactate metabolism or inhibiting lactate uptake has become an effective strategy for tumor treatment (Brooks, 2020).



Citrate

Citrate has potential anti-tumor functions in different types of cancer cells, including acute monocytic leukemia (U937), breast cancer (MCF-7), pancreatic cancer (BxPC3), lung cancer (A549), Glioma (G6), neuroblastoma (Tet21N), pleural mesothelioma (MSTO-211H), gastric cancer BGC-823 and SGC-790 (Huang et al., 2020). Sodium citrate can attenuate glycolysis and cause cell cycle arrest by inhibiting the activity of PFK1 (Huang et al., 2020). Citrate can also reduce the expression of anti-apoptotic proteins B-cell lymphoma-2 (Bcl-2) and Myeloid cell leukemia-1 (Mcl-1) to trigger cell apoptosis (Chen L. et al., 2014).




METABOLIC REGULATION OF CHROMATIN MODIFICATIONS

Most chromatin modifying enzymes use metabolites as cofactors or substrates, so their activity is directly or indirectly regulated by these metabolites, such as acetyl coenzyme A (acetyl-CoA), S-adenosylmethionine (SAM). In addition, α-ketoglutarate, lactate, succinate, and some short chain fatty acids have recently been found to be involved in chromatin modifications. In this section, we will discuss the effects of glucose-derived metabolites and metabolic enzymes on chromatin modifications.


Contribution of Metabolism to Chromatin Modification in Cancer


Histone Glcnacylation

Acetylglucosamine glycosylation (GlcNAcylation) is one of the most common protein post-translational modifications. It is an advanced glycation formed by a series of condensation, oxidation, and rearrangement of monosaccharides in the form of aldose (such as glucose and fructose) or glycolysis by-products (Dall'olio and Trinchera, 2017). GlcNAcylation can directly affect chromatin structure and gene expression by modifying histone residues or epigenetic regulatory factors (histone methyltransferases, protein kinases, and acetyltransferases) (Slawson et al., 2008; Sakabe and Hart, 2010; Dehennaut et al., 2014). Glycosylated histones H3 and H4 disrupt the assembly of nucleosomes and reduce histone acetylation, leading to disassembly of chromatin structure and deregulated gene expression (Chen et al., 2013). Breast cancer cells have a high level of histone H3 glycosylation; however, when the deglycase DJ-1 is knocked down, the overall level of histone glycosylation is significantly increased and the cell viability is decreased (Zheng et al., 2019). This result indicates that when histones have excessive glycosylation, it greatly affects histone acetylation and ubiquitination and causes damage to tumor cells. DNA demethylase TET2 interacts with glycosyltransferase OGT and forms a complex at the transcription start site (TSS) to induce histone H2B S112 GlcNAcylation and promote gene transcription (Chen et al., 2013). In addition, multiple amino acid residues of histone demethylase EZH2 can be glycosylated by OGT to enhance its protein stability and enzymatic activity to promote tumor progression (Lo et al., 2018).



Histone Phosphorylation

The direct evidence to link glucose metabolism and histone phosphorylation is the finding that PKM2 phosphorylates H3 on threonine 11 (H3T11) (Yang et al., 2012). PKM2 interacts with β-catenin and binds at the CCND1 promoter region to phosphorylate histone H3T11, which causes the dissociation of histone deacetylase HDAC3 from chromatin and an increase of H3K9 acetylation (H3K9ac) at CCND1 promoter to activate CCND1 transcription (Figure 4) (Yang et al., 2012). Our group also showed that the yeast pyruvate kinase Pyk1 can form a complex called SESAME to phosphorylate histone H3T11 (H3pT11) to repress gene expression in response to glucose and serine availability (Li S. et al., 2015; Yu et al., 2017). We also find that SESAME phosphorylates H3T11 at telomeres to maintain the integrity of telomere heterochromatin during chronological aging (Zhang et al., 2021). H3pT11 can contribute to tumorigenesis by recruiting chromatin modifying factors. For example, H3pT11 can be bound by WDR5, a subunit of MLL complex to promote H3K4 methylation (Kim et al., 2014). In addition, the E3 ubiquitin ligase RNF8 can bind H3pT11 to mediate H3K4 ubiquitination and facilitate the expression of MYC and CCND1 (Xia et al., 2017).


[image: Figure 4]
FIGURE 4. Glucose metabolism and chromatin modifications in cancer cells. ACLY and PDC contribute to nuclear acetyl-CoA production and subsequent histone acetylation and gene activation. Glucose-derived serine and one-carbon metabolism are accelerated in cancer cells to produce SAM. SAM not only enhances DNA methylation to repress the transcription of tumor suppressor genes, but also activates the transcription of tumor-promoting genes by methylating histones. Nuclear PKM2 phosphorylates STAT3 to activate CCND1 transcription and promote cell cycle progression. The TCA cycle intermediate succinate-CoA is fueled to histone succinylation by succinyltransferase (α-KGDH, GCN5, and p300) to activate gene transcription. p300 uses lactate as a substrate to catalyze the lactylation of multiple histone lysine residues to inhibit histone acetylation. Some short-chain fatty acids produced by β-oxidation of fatty acids can provide substrates for histone crotonylation, propionylation, butyrylation, β-hydroxyisobutyrylation, glutarylation and malonylation. ACLY, ATP-citrate lyase; PKM2, pyruvate kinase M2; α-KG, α-ketoglutarate; SCFAs, short-chain fatty acids; 3-P-G, 3-phosphoglycerate; SAM, S-adenosyl methionine; HMTs, Histone methyltransferases; DNMTs, DNA methyltransferases; GCN5, general control non-derepressible 5; p300, histone acetyltransferase p300.




Histone Acetylation

Acetyl-coenzyme A (acetyl-CoA) is an important substrate for histone acetylation. Acetyl-CoA is produced from pyruvate, citrate, and acetate by pyruvate dehydrogenase complex (PDC), ATP citrate synthase (ACLY), and acetyl-CoA synthetase short-chain family member (ACSS), respectively. Acetyl-CoA can also be generated from fatty acid β-oxidation as well as the metabolism of amino acids and ketone bodies (Sivanand et al., 2018). In cancer cells, deprivation of glucose, glutamine or pyruvate reduces the overall level of histone acetylation (Mcbrian et al., 2013). The glycolysis inhibitor 2-DG or knockdown of hexokinase, pyruvate dehydrogenase, and pyruvate kinase significantly reduces most histone acetylation, leading to compacted chromatin structure, repressed gene expression and reduced tumor cell proliferation (Liu et al., 2015; Yucel et al., 2019). These studies indicate that glucose metabolism can directly regulate histone acetylation.

In addition to modulating the intracellular acetyl-CoA level, glucose metabolism can affect histone acetylation by regulating the activity of histone deacetylase enzyme HDAC. The glucose-derived pyruvate can inhibit tumor cell proliferation by activating the HDAC activity of SIRT1 to reduce H3K9ac (Ma et al., 2019). The catalytic activity of class III histone deacetylases (Sirtuins) depends on NAD+, a cofactor of glucose metabolism, which makes it sensitizes to NAD+ and glucose metabolism changes. Moreover, the activity of Sirtuins is regulated by some NAD+ producing enzymes. The nuclear LDH interacts with SIRT1 and enhances its activity by producing localized NAD+, which helps cells adapt to oxidative stress (Castonguay et al., 2014). GAPDH interacts with Sir2, the yeast homolog of SIRT1, and enhances its activity by elevating nuclear NAD+ (Ringel et al., 2013).



Histone Lactylation

Recent studies revealed that histones can undergo a new type of histone modification, histone lactylation (Figure 4) (Zhang et al., 2019). As a product of glucose metabolism, lactate serves as the substrate for histone lactylation, which can modify at ~28 residues on human and mouse core histones (Zhang et al., 2019). Like histone acetylation, the lactylated histones can directly promote gene transcription (Zhang et al., 2019). The discovery of histone lactylation provides a new insight into studying the role of lactate in tumorigenesis and metabolic diseases.



Chromatin Methylation

Chromatin methylation consists of three major types: DNA, RNA, and histone methylation. Chromatin methylation is catalyzed by methyltransferases using SAM as a methyl donor, which is mainly produced from glucose-derived serine metabolism (Yu et al., 2018). We and others have reported that the intracellular SAM concentration can specifically regulate the level of histone H3K4 trimethylation (H3K4me3) in both yeast and mouse embryonic stem cells (mESCs) (Figure 4) (Shyh-Chang et al., 2013; Wu et al., 2019). As a methyl donor, the intracellular SAM also regulates the global DNA methylation. The de novo DNA methylation by DNA methyltransferase 3a (DNMT3a) is sensitive to SAM changes, and SAM can effectively induce DNA methylation and reduce the expression of Vascular endothelial growth factor C (VEGF-C), thus inhibiting tumor growth (Nishikawa et al., 2015).



Chromatin Demethylation

It has been reported that α-ketoglutarate (α-KG) acts as a cofactor for several chromatin-modifying enzymes, including histone demethylase, Ten-eleven-translocation (TET) family of enzymes involved in DNA and RNA demethylation (Figure 2) (Tran et al., 2019). α-KG is an important metabolic intermediate produced in the TCA cycle, and is a key point linking carbon and nitrogen metabolism. Recent studies show that inhibition of glucose metabolism reduces α-KG level and inhibits the activity of the Jumonji family demethylase JMJD2B (Fu L. N. et al., 2018). JMJD2B can demethylate H3K9/K36 at autophagy associated gene (ATG) promoter to regulate autophagy (Fu L. N. et al., 2018). The glucose-derived α-KG maintains H3K27me3 at low levels to regulate chromatin accessibility and glioma cell survival (Chung et al., 2020). The TET proteins are α-KG-dependent dioxygenases that oxidize 5-methylcytosine (5mC) to 5-hydroxymethylcytosine (5hmC) to mediate DNA demethylation (Xiao et al., 2012). α-KG can regulate genome-wide DNA methylation and tumorigenesis by targeting TET (Xiao et al., 2012). In addition, the RNA demethylase, Fat mass and obesity-associated protein (FTO) is also α-KG-dependent (Jia et al., 2011). Therefore, emerging researches for cancer therapy are aimed at manipulating the α-KG level.

As described earlier, α-KG can be converted to 2-HG by the IDH1/2 mutant. 2-HG is also a competitive inhibitor of multiple dioxygenases (Wang P. et al., 2015). R-2HG can inhibit the RNA demethylase activity of FTO, increase m6A at MYC and CEBPA mRNAs and reduce their stability, which ultimately inhibits tumor growth (Su et al., 2018). Thus, α-KG plays an important role in regulating chromatin (de)methylation by targeting the activity of chromatin demethylases. In addition, glycolysis can also indirectly inhibit the activity of histone demethylase Jhd2 by promoting H3K14ac, thus mediating a crosstalk between H3K14ac and H3K4me3 (Wu et al., 2019).



Histone Acylation

Histone acylation is an important chromatin modification for transcription regulation (Figure 4). There are various types of histone acylation, including crotonylation, 2-hydroxyisobutyrylation, butyrylation, propionylation, glutarylation, malonylation, and succinylation (Yu et al., 2018). These modifications are regulated by short-chain acyl-CoA species, which are produced during cellular metabolism. Histone acylation is associated with transcriptionally active genes and functions in a variety of physiological processes, including signal-dependent gene activation, spermatogenesis, tissue injury, and metabolic stress (Sabari et al., 2017). The histone acetyltransferase, p300 has crotonyltransferase activity and catalyzes H3K18 crotonylation depending on the intracellular crotonyl-CoA concentrations (Kollenstart et al., 2019). Chromodomain Y-like corepressor CDYL acts as a crotonyl-CoA hydratase to convert crotonyl-CoA to β-hydroxybutyryl, which negatively regulates histone crotonylation during spermatogenesis (Liu et al., 2017). Under chronic social defeat stress, CDYL is upregulated to reduce histone crotonylation and increase H3K27 trimethylation (H3K27me3), leading to repressed transcription of neuropeptide VGF (Liu Y. et al., 2019). The class I histone deacetylases (HDACs) have been demonstrated to function as the major histone decrotonylases and are regulated by microbiota derived short chain fatty acids (Wei et al., 2017).

Histone propionylation is an active chromatin marker. Propionyl-CoA stimulates gene transcription by promoting the enrichment of H3K14 propionylation at promoters of active genes (Kebede et al., 2017). The MYST family of lysine acetyltransferases (KATs) MOF directly binds propionyl-CoA and possesses strong propionyltransferase activity both in vitro and in vivo (Han et al., 2018). Histone acetyltransferase p300 can also catalyze H3K23 propionylation and histone deacetylase SIRT2 can remove this modification in presence of NAD+, which mediates the crosstalk between histone acetylation and propionylation (Liu et al., 2009).

Similarly, histone butyrylation is catalyzed by p300/CBP and regulated by intracellular butyryl-CoA level (Chen et al., 2007). Histone K5 and K8 butyrylation is enriched at meiotic gene promoter and mediates spermatogenesis (Du et al., 2011).

Histone glutarylation and malonylation are recently identified histone modifications despite little is known about their biological functions. H4K91 can be glutarylated by lysine acetyltransferase 2A (KAT2A) and deglutarylated by SIRT7, which has been served as a new regulatory mechanism for chromatin dynamics (Bao et al., 2019). Molonylation of histone H2AK119 can inhibit H2A phosphorylation and influence chromosome segregation (Ishiguro et al., 2018). Histone malonylation also provides a new insight into neural tube defects (NTDs) caused by high glucose-induced diabetes (Zhang et al., 2020).

Histone β-hydroxybutyrylation is induced by ketogenesis under prolonged fasting (Xie et al., 2016). Ketone bodies including acetoacetic acid, β-hydroxybutyric acid and acetone are intermediate products of liver fatty acid oxidation during starvation, strenuous exercise and diabetes. SIRT3 acts as the de-β-hydroxybutyrylase and selectively catalyzes de-β-hydroxybutyrylation of histones due to its Zn-dependent domain (Zhang X. et al., 2019). Exogenous β-hydroxybutyrate treatment increases H3K9 β-hydroxybutyrylation and activates the expression of MMP-2 and VEGF in diabetic rats (Wu X. et al., 2020). Nevertheless, the role of β-hydroxybutyrylation in tumorigenesis and metastasis remains to be explored.





DEVELOPMENT OF ANTI-CANCER THERAPY BY TARGETING CANCER METABOLISM

Metabolic abnormalities in tumor cells also become the potential targets for the development of anti-cancer drugs. As previously mentioned, some metabolites have anti-cancer activity, including pyruvate, 2DG-6-P, mannose-6-phosphate, and citrate. Most metabolic enzymes that regulate epigenetic modifications are upregulated in tumors and some metabolic enzymes have become targets for cancer treatment (Yu and Li, 2017). There are some drugs targeting glycolysis of tumor cells in preclinical or clinical studies, such as inhibitors for glucose transporters (GLUTs): Phloretin, Fasentin, and lonidamine (LN) (Oudard et al., 2003; Palmieri et al., 2009; Dando et al., 2017), and gossypol, an inhibitor for LDH (Doherty and Cleveland, 2013). In addition, some anti-cancer drugs that target gluconeogenesis have been used in clinical trials. The inhibitor of PEPCK, 3-Mercaptopicolinic acid (MPA) induces tumor cell apoptosis by causing glucose starvation (Wang and Dong, 2019). CM-272 can reverse the Snail-mediated FBP1 expression defects under hypoxic conditions and inhibit the proliferation of hepatocellular carcinoma (HCC) (Barcena-Varela et al., 2019). Dexamethasone promotes gluconeogenesis by enhancing the expression of G6PC and PEPCK, thereby inhibiting the growth of HCC (Wang and Dong, 2019). As we understand more about the role of TCA cycle in tumorigenesis, targeting the TCA cycle to treat cancer has begun to emerge. For example, the IDH2 mutant has become a target for clinical cancer treatment and two drugs have been developed, Enasidenib (AG-221, inhibitors mutant IDH2) and AG-881 (inhibitors of mutant IDH1/2) (Yen et al., 2010). AG-221 is used as a single drug treatment of acute myelogenous leukemia (AML) and solid tumors by reducing intracellular 2-HG (Yen et al., 2010). AG-881 is currently undergoing clinical trials for AML patients with IDH1/2 mutations (Yen et al., 2010). These drugs not only affect cancer metabolism, but also control chromatin modifications. Understanding the relationship between cancer cell metabolism and chromatin modifications not only helps elucidate the mechanism of tumorigenesis, but also facilitates the development of more efficient, accurate, and specific treatment strategies for cancer treatment.



DISCUSSION

Cancer cells have their specific metabolic pathways and epigenetic modifications that are distinct from normal cells, which contribute to the occurrence and development of tumors. Metabolic reprogram and the concurrent changes in chromatin modifications help tumor cells survive and proliferate in the nutrient-poor environment. Although there is significant progress toward understanding the relationship between cancer metabolism and chromatin modifications, there are still many problems that need to be resolved. First, we and others noticed that some metabolic enzymes and metabolites have both positive and negative effects on cell growth. We have previously reported that pyruvate can inhibit tumor growth by inhibiting histone gene expression (Ma et al., 2019). Pyruvate can also inhibit the activity of HDAC1/3 to trigger apoptosis of colon cancer cells (Thangaraju et al., 2009). However, pyruvate has also been reported to protect cancer cells from DNA damage and oxidative stress under certain circumstance (Tauffenberger et al., 2019). Some metabolic enzymes regulate tumorigenesis in a tissue-dependent manner. PEPCK1 facilitates colorectal cancer proliferation (Yamaguchi et al., 2019); however, it functions as a tumor suppressor in clear cell renal cell carcinoma (ccRCC), liver cancer and hepatocellular carcinoma (HCC) (Liu et al., 2018). Therefore, the anti-tumor drugs developed to target cancer metabolism may also have cell and/or tissue specificity. Secondly, as more metabolic enzymes and metabolites are found to be translocated into the nucleus, elucidating the functions of these metabolic enzymes and metabolites in the nucleus is important for development of anti-cancer therapy.
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Glioblastoma (GBM) is the most common and malignant primary brain tumor. Glioblastoma stem cells (GSCs) not only initiate and sustain uncontrolled cell proliferation but also resistant to conventional clinical therapies including temozolomide (TMZ) dependent chemotherapy and radiotherapy, implying that there is an urgent need to identify new therapeutic strategies especially specific targeting GSCs. Here, we provide evidence showing that ivacaftor commonly applied in cystic fibrosis therapy acts as a potent inhibitor for GSCs maintenance. We found that ivacaftor promotes cellular apoptosis in vitro and represses patient-derived xenograft (PDX) tumor growth in vivo. In addition, we demonstrate that ivacaftor decreases stemness marker gene expressions of GSCs, including CD133, CD44, and Sox2. In summary, our findings reveal that ivacaftor inhibits glioblastoma progression via specifically eliminating GSCs, which opens a new avenue for GBM clinical therapy in the future.
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INTRODUCTION

Glioblastoma (GBM) is the most aggressive primary tumor in the central nervous system (Stupp et al., 2005; Wen and Kesari, 2008; Strickland and Stoll, 2017). Despite conventional clinical therapies including surgery, radiotherapy, chemotherapy, and immunotherapy, the median survival of GBM patients remains less than 15 months after diagnosis (Wen and Kesari, 2008). It has been well recognized that GBM was initiated by a subpopulation of cells termed as glioblastoma stem cells (GSCs), which are characterized by sustaining abilities of self-renewal, multilineage differentiation and resistance to current therapeutic strategies (Chen et al., 2012; Parada et al., 2017). Radiotherapy and chemotherapy are cytotoxic to highly proliferative tumor cells, but fail to eliminate the relatively quiescent GSCs, which is the major cause leads to GBM recurrence (Das et al., 2008; Lathia et al., 2015). Temozolomide (TMZ) is an orally alkylating agent that commonly used for the standard glioma clinical treatment via triggering DNA damage (Stevens et al., 1987; Ochs and Kaina, 2000). However, more than 50% of glioma patients received TMZ treatment show resistance to TMZ therapy (Lee, 2016). This is attributed to GSCs recalcitrance to TMZ therapy due to their enhanced DNA repair ability or/and high methyl guanine methyl transferase expression (Hu et al., 2019; Gao et al., 2021). Small molecule compounds, including clofoctol (Hu et al., 2019), LLP-3 (Guvenc et al., 2013), gboxin (Shi Y. F. et al., 2019), inhibitor of dopamine receptor D4 (Dolma et al., 2016), and inhibitor of STAT3 (Shi et al., 2018), have been documented to inhibit GSCs self-renewal ability. However, so far, none of an optimal drug was used for selectively targeting GSCs approved for GBM clinical therapy. Therefore, there is an urgent need to identify new drugs synergizing with TMZ to effectively eliminate GSCs and translate them into clinical application for GBM patients.

Ivacaftor was approved by U.S. Food and Drug Administration in 2019 for use in cystic fibrosis (Hoy, 2019). The clinical safety of ivacaftor was confirmed by a phase III trial study (Rowe et al., 2017). In this study, we identified ivacaftor as a promising anti-glioblastoma drug via specifically and effectively repressing GSCs. Mechanistically, we provide evidence showing that ivacaftor inhibits GSCs stemness marker genes expressions including CD133, CD44, and Sox2. In summary, our findings reveal that ivacaftor inhibits glioblastoma progression via specifically eliminating GSCs, which opens a new avenue for GBM clinical therapy in the future.



RESULTS


Ivacaftor Inhibits GSCs Proliferation and Induces Cellular Apoptosis

Ivacaftor was generally used for cystic fibrosis therapy, however, its potential activities in anti-cancer have not been characterized. As shown in Figure 1A, the chemical structure of ivacaftor was depicted. To explore the drug repurposing effect of ivacaftor, we examined the potential inhibitory effect of ivacaftor in GSCs, normal human astrocyte cells (NHA) and two GSCs including GSC11 (Bhat et al., 2013) and GBM1 (Zhou et al., 2018) cells, were treated with indicated concentrations of ivacaftor. As shown in Figure 1B, ivacaftor significantly inhibits GSCs cell viability, compared with less inhibitory effect in NHA cells, implying that ivacaftor specifically blocks GSCs survival. The cell proliferation of GSCs was also attenuated following ivacaftor treatment (Figure 1C). To verify whether the cell cycle of GSCs was disrupted by ivacaftor, we performed BrdU incorporation assay. As shown in Figures 1D,E, the cell proliferation was substantially impaired after ivacaftor treatment compared to control group, as indicated by decreased BrdU positive-cell ratio after ivacaftor treatment. Furthermore, the cellular apoptosis of GSC11 cells treated with ivacaftor was determined by flow cytometry experiment, which was gradually induced with increased amount of ivacaftor treatment (Figures 1F,G). In addition, immunoblot results confirmed that apoptotic related factors, including Bax and cleaved PARP, were remarkably increased, while the anti-apoptosis marker, Bcl-2 was decreased, following ivacaftor treatment in a dosage or time-dependent manner (Figure 1H). These findings strongly indicate that ivacaftor inhibits GBM via inducing GSCs cellular apoptosis and attenuating GSCs self-renewal ability.
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FIGURE 1. Ivacaftor inhibits GSCs proliferation and induces cellular apoptosis. (A) The chemical structure of FDA-approved drug ivacaftor. (B) Cell viability of indicated cells treated with various concentrations of ivacaftor. (C) The cells proliferation of GSC11 (left panel) and GBM1 (right panel) treated by 5 mM ivacaftor. (D,E) Representative images of BrdU incorporation assay in GSC11 (left panel) and GBM1 (right panel) treated with or without ivacaftor. Scale bar: 200 mm. (E) Quantification data for (D). (F,G) Ivacaftor treatment significantly increases cellular apoptosis in GSC11 and GBM1 cells determined by flow cytometry assay. (G) Quantification data for (F). (H) Apoptotic cell markers were dramatically increased following treatment with indicated concentrations of ivacaftor. tPARP, total PARP; cPARP, cleaved PARP. Data are shown as means ± SEM, *P < 0.05; ***P < 0.001; t-test.




Ivacaftor Attenuates GSCs Self-Renewal

To further investigate the inhibitory effects of ivacaftor on GSCs, we took advantages of tumor sphere formation approach to examine the GSCs self-renewal ability. We found that ivacaftor caused a dose-dependent suppression of tumor spheres formation ability of GSCs. As shown in Figures 2A–C, ivacaftor treatment decreased tumor sphere formation especially larger tumor spheres (diameter larger than 50 μm). Consistently, GSC11 cells were treated with or without 5 μM ivacaftor followed by staining with CD133 antibody to validate the membrane accumulated CD133 expression, our results showed that CD133 positive cells were markedly decreased by ivacaftor treatment compared with control (Figures 2D,E). Consistently, the in vitro tumor sphere limiting dilution assay showed that the tumor spheres were dramatically decreased after ivacaftor treatment (Figure 2F). Furthermore, the expressions of key regulators involved in GSCs stemness maintenance, including CD133, CD44, and Sox2, were significantly decreased following ivacaftor treatment (Figure 2G). The above results strongly support that ivacaftor specifically and effectively impairs GSCs self-renewal ability in vitro.
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FIGURE 2. Ivacaftor inhibits GSCs self-renewal ability. (A) Representative images of tumor sphere derived from GSC11 (top panel) and GBM1 (down panel) treated with indicated concentrations of ivacaftor. Scale bar: 500 μm. (B) Tumor sphere formation ability was significantly attenuated by treating GSC11 (left panel) and GBM1 (right panel) cells with different concentrations of ivacaftor. (C) Ivacaftor treatment significantly decreased GSC11 (left panel) and GBM1 (right panel) larger tumor sphere (diameter larger than 50 μm) formation ability. (D,E) CD133 membrane accumulated positive cells in GSC11 and GBM1 were decreased after treatment with 5 μM ivacaftor for 48 h determined by flow cytometry assay. (E) Quantification data for (D). (F) Effects of ivacaftor in indicated cells evaluated by in vitro limiting dilution assay. (G) GSC11 and GBM1 cells self-renewal ability and stemness marker gene expressions were inhibited by ivacaftor via time- or dosage-dependent manner. Data are shown as means ± SEM, *P < 0.05; **P < 0.01; ***P < 0.001; t-test.




Ivacaftor Synergizes With TMZ to Induce Cellular Apoptosis of GSCs

Given that temozolomide was first-hand chemotherapy drug for GBM patients, and there are emerging references documenting that multiple compounds, including tideglusib (Zhou et al., 2016), clofoctol (Hu et al., 2019), could sensitize responses of GSCs to TMZ. We next sought to examine whether ivacaftor has similar effect. GSCs were treated with 5 μM ivacaftor, 200 μM TMZ, and 5 μM ivacaftor plus 200 μM TMZ, respectively. The tumor sphere formation ability was examined. As expected, TMZ or ivacaftor treatment significantly suppressed GSCs tumor sphere formation ability (Figures 3A,B). Importantly, ivacaftor in combination with TMZ treatment almost abrogated tumor spheres (Figures 3A,B), which was further confirmed by in vitro limiting dilution assay (Figure 3C).
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FIGURE 3. Ivacaftor sensitizes GSCs response to TMZ. (A,B) Ivacaftor plus TMZ decreased GSC11 (top panel) and GBM1 (bottom panel) cells tumor sphere formation ability. Scale bar: 500 μm. (B) Quantification result of (A). (C) Tumor sphere derived from GSC11 (left panel) and GBM1 (right panel) cells were counted after treating indicated cells with 200 μM TMZ, 5 μM ivacaftor, or 5 μM ivacaftor combined with 200 μM TMZ. (D) Flow chart of xenograft tumor formation assay in nude mouse. (E) Representative images of tumors treated with 3 mg/kg ivacaftor alone or combined with 60 mg/kg TMZ. (F) Tumor masses of xenograft tumors treated with indicated drugs were shown. (G) Tumor volumes of xenograft tumors treated with indicated drugs were shown. (H,I) Representative images of immunohistochemical staining of Ki67 and CC3 in xenograft tumor sections. CC3 means cleaved caspase 3. (I) Quantification data for panel (H). Data are shown as means ± SEM, *P < 0.05; **P < 0.01; ***P < 0.001; t-test.


To further validate the in vivo effect of ivacaftor in combination with TMZ, subcutaneous xenograft tumor model was performed. Male nude mice were randomly divided into different drug treatment groups, 1 × 106 GSC11 cells were injected into nude mice subcutaneously. The mice were intraperitoneally injected with phosphate buffered saline (PBS) vehicle, ivacaftor (3 mg/kg), TMZ (60 mg/kg) and ivacaftor (3 mg/kg) plus TMZ (60 mg/kg), respectively, twice a week for 5 weeks when the xenograft tumor volume reached approximately 50 mm3 (Figure 3D). We found that TMZ had a modest effect on inhibiting xenograft tumor growth, whereas ivacaftor had a better inhibitory effect compared with TMZ treatment group (Figures 3E–G). As expected, TMZ combined with ivacaftor markedly suppressed xenograft tumor growth in vivo compared with other groups (Figures 3E–G). In line with this finding, immunohistochemistry staining showed that ivacaftor, TMZ and TMZ plus ivacaftor treatment, respectively, unanimously increased cleaved caspase 3 (CC3) positive cell staining, and decreased Ki67 positive cells staining, with the most effective phenotype in TMZ plus ivacaftor group compared to other groups (Figures 3H,I). These results prompted us to hypothesize that ivacaftor could be used as novel clinical chemotherapy strategy to cure TMZ resistant GBM patients in the future.



Ivacaftor Suppresses Patient-Derived Xenograft Tumor Growth in vivo

To corroborate the clinical application of ivacaftor, patient-derived xenograft (PDX) mouse model was performed. Three clinical specimens of GBM patients were subcutaneously transplanted into nude mice and treated with ivacaftor (3 mg/kg) by intraperitoneal injection twice a week for 5 weeks. Five weeks later, the nude mice were sacrificed and the tumors were collected. As shown in Figures 4A,B, ivacaftor treatment dramatically retarded PDX tumor growth in vivo compared to PBS vehicle group (Figure 4B). In addition, PDX tumor sections were subject to immunohistochemical staining. The results showed that ivacaftor-treated PDX tumors exhibited more cellular apoptotic signals with increased cleaved caspase 3 staining and deceased proliferative cell markers Ki67 staining compared with the PBS vehicle treatment group (Figures 4C,D).
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FIGURE 4. Ivacaftor inhibits PDX tumor growth in vivo. (A) Representative images of PDX tumors derived from three independent GBM clinical specimens treated with ivacaftor or vehicle. (B) Tumor mass and volume of three xenograft tumors treated with 3 mg/kg ivacaftor or vehicle. (C,D) Representative images of immunohistochemical staining of Ki67 and CC3 in three PDX tumors. (D) Quantification data for (C). Data are shown as means ± SEM, *P < 0.05; **P < 0.01; ***P < 0.001; t-test.




DISCUSSION

Glioblastoma is the most aggressive brain tumor in adults and characterized by high heterogeneity containing a small subpopulation of GSCs responsible for conventional therapeutic resistance and tumor recurrence (Stupp et al., 2005; Wen and Kesari, 2008). Until now, valuable and effective GSC-targeting drugs are still not available in clinical practice. It is highly notable that clinical therapies that specifically blocks crucial regulators involved in GSCs maintenance may cause better clinical outcome.

In this study, we provided the first evidence showing that ivacaftor suppresses GSCs cell proliferation, self-renewal and xenograft tumor growth, and induces cellular apoptosis. Previous study reported that FDA-approved drug ivacaftor targets cystic fibrosis transmembrane conductance regulator (CFTR) to treat cystic fibrosis, and CFTR has been indicated to facilitate glioma progression (Zhao et al., 2020). However, another finding demonstrates that CFTR activation inhibits GBM cell proliferation and migration (Zhong et al., 2019), indicating that CFTR functions as a tumor suppressor in GBM. The controversial findings of CFTR in glioma suggest that the direct target of ivacaftor in GSCs maintenance might be different. In addition, Hisert et al. (2020a,b)) provided evidence showing that ivacaftor dampens monocyte sensitivity to interferon-γ in cystic fibrosis patients. In line with this finding, ivacaftor has also been shown to improve the aberrant pathophysiology and microenvironment of the cystic fibrosis gut to favor a more healthy microbiota, which leads to reduced intestinal inflammation process (Ooi et al., 2018). Based on the fact that interferon-γ plays pivotal roles in tumor immunity (Ni and Lu, 2018), interferon-γ/JAK/STAT signaling might also mediate the inhibitory role of ivacaftor in GBM. Therefore, defining the novel target(s) of ivacaftor in GSCs using proteomic or transcriptome analysis might help us to decipher the underlying mechanism of suppressive roles of ivacaftor in GBM in the future.

A growing body of evidence indicates that CD133, CD44, and Sox2 were involved in sustaining GSCs self-renewal, which facilitates GBM tumorigenesis (Bao et al., 2006; Yin et al., 2007; Wei et al., 2013; Zhu et al., 2020). Thus, identifying leading compounds inhibit their expressions will be promising to be translated into clinical therapies for GBM patients. In this study, we showed that ivacaftor represses GSCs by directly attenuating CD133, CD44, and Sox2 expression., although the hub-gene controlling the stemness marker gene expression are not yet uncovered. However, the functional effects of ivacaftor in vivo using conventional xenograft tumor and PDX mouse models strongly support that the drug repurposing of ivacaftor could benefit TMZ resistant GBM patients in the future.



MATERIALS AND METHODS


Cell Culture and Reagents

GBM1 cells were a kind gift from Dr. Yu Shi at Institute of Pathology and Southwest Cancer Center, Southwest Hospital and were characterized previously (Zhou et al., 2018). GBM1 cells were cultured in Neurobasal A medium (Gibco, 2585380) containing B27 supplement (1:50, Invitrogen, Cat#2175161), GlutaMAX (1:100, Gibco, Cat#35-50-061), Sodium pyruvate (1:100, Gibco Cat#R25-0000-Cl), MEM NEAA (1:100, Gibco, Cat#11140-050), 20 ng/mL bFGF (Gibco, Cat#PHG0266) and 1% penicillin/streptomycin. The GSC11 cells were cultured in DMEM/F12, supplemented with B27, 20 ng/mL EGF (Gibco, Cat#PHG0311L), 20 ng/mL bFGF, 4 μg/mL heparin (Sigma, H3149-500KU-9) and 1% penicillin/streptomycin. Normal human astrocyte cells (NHA) were a kind gift from Dr. Xiaozhong Peng at Institute of Medical Biology, Chinese Academy of Medical Sciences (Hu et al., 2019). NHA cells were cultured in commercial astrocyte medium (Cat#1801, ScienCell) supplemented with 1% astrocyte growth factor (ScienCell) and 2% FBS (ScienCell). All cells were cultured at 37°C in a 5% CO2 humidified environment. Ivacaftor and temozolomide were purchased from MedChemExpress (Ivacaftor, Cat#HY-13017), (Temozolomide, Cat#HY-17364/CS-0943).



Cell Proliferation and BrdU Incorporation Assay

A total of 2 × 104 single GSC11 and GBM1 cells were plated into laminin-precoated 12-wells plates. Exact cell numbers for each day were assessed by an automatic cell analyzer countstar (Shanghai Ruiyu Biotech Co., China, IC 1000). BrdU incorporation assay was performed as our previous indicated (Yin et al., 2017). Briefly, GSC11 and GBM1 cells were pre-treated with 10 μM BrdU (Abcam, Cat# ab142567, dilution 1:100) for 20 min, followed by fixing with 4% PFA and incubated with BrdU primary antibody (Cell Signaling Technology, Cat# 5292s, dilution 1:1000) at 4°C overnight, the cells were then gently washed with PBS and incubated with anti-mouse Alexa 594 antibody (Abclonal, Cat# 61303, dilution 1:500). DAPI was used for DNA staining. Images were examined by Nikon Ti fluorescence microscope.



In vitro Limiting Dilution and Tumor Sphere Formation Assay

For in vitro limiting dilution assay, GSC11 and GBM1 cells were dissociated into a single-cell suspension and plated in 96-well plates (Corning, Cat#3474) in 100 μL serum-free medium. After 14 days, the numbers of tumor spheres derived from GSC11 and GBM1 cells were recorded. For tumor sphere formation assay, GSC11 and GBM1 cells were dissociated into single cells and a total of 30,000 per 2 mL serum-free medium, and then plated into ultra-low attachment 6-well plates (Corning, Cat#3471). The numbers of spheres were counted under Nikon Ti microscope.



Flow Cytometry

Apoptotic cells in early and late stages were detected using an annexin V-APC Apoptosis Detection Kit from BioLegend (Cat#640932, PharMingen) (Xu et al., 2020). In brief, GSC11 cells were treated with indicated concentrations of ivacaftor or DMSO control. Cells were collected and washed, then resuspended by annexin V binding buffer followed by adding 5 μL annexin V-APC and 5 μL propidium iodide. Indicated cells were incubated with the staining buffer for 30 min at room temperature and analyzed by flow cytometry (BD Bioscience). More than 30,000 events were recorded for each experiment and analyzed by FlowJo software. For CD133 membrane accumulated form analysis, GSC11 cells were incubated with phycoerythrin conjugated anti-CD133 or corresponding negative control antibodies for 30 min in dark at the room temperature at 4°C, and CD133+ cells were then examined using flow cytometry (BD Bioscience).



Immunoblot

Immunoblot assay was performed as documented (Jiang et al., 2018). The detail information of antibodies used in this study are as follows: β-actin (Proteintech, Cat#60008-1-1g), Bcl-2 (Cell signaling technology, Cat#15071S), PARP (Cell signaling technology, Cat#9542S), Cleaved Caspase 3 (Cell signaling technology, Cat#9661S), Bax (Abcam, Cat#ab77566), and CD133 (Miltenyi, Cat#130092395).



In vivo Xenograft Tumor Model

All animal studies were approved by the Ethics Committee of Kunming Institute of Zoology. 5∼6 weeks old male BALB/c nude (GemPharmatech Co., Ltd., Nanjing, China) mice were used. For subcutaneous xenograft models, GSC11 cells (1 × 106 cells per mouse) were subcutaneously injected into the nude mice. Ivacaftor (3 mg/kg) in PBS was intraperitoneally injected twice a week for 5 weeks after tumors grew to 50 mm3. For PDX model, three independent GBM specimens were transplanted into nude mice. Eight weeks later, the mice were sacrificed and the xenografts were cut out and transplanted subcutaneously into nude mice, mice were treated by PBS alone, TMZ alone (60 mg/kg), Ivacaftor (3 mg/kg) or TMZ plus Ivacaftor (3 mg/kg) twice a week for 5 weeks. Xenograft tumor volume were measured using Vernier calipers (Suzhou, China) by indicated time. Tumor volume was calculated by the formula length X (width)2/2.



Immunohistochemistry Assay

Immunohistochemistry assay was performed as previously described (Shi Y. et al., 2019). Briefly, Immunohistochemistry was carried out in 3 μm paraffin sections (Dako, Cat#DK-2600, Glostrup, Denmark). The slides were then incubated in graded ethanol, incubated in 3% hydrogen peroxide for 20 min, and were pretreated with sodium citrate buffer for 25 min at 121°C for antigen retrieval. After washing with PBS, the tissues were immune-stained with primary antibodies against Ki67 and cleaved caspase 3 at 4°C overnight. After being washed with PBS buffer, the tissues were covered by an anti-mouse/rabbit polymer horseradish peroxidase-label for 60 min at the room temperature. The slides were treated with the prepared diaminobenzidine solution and incubated for approximate 1 min to achieve proper brown color.



Statistics

All data are presented as the mean ± SEM. All experiments were performed at least three times. All analyses were performed using GraphPad Prism 5 (GraphPad Software). Two-tailed Student’s t-test was used for statistical analysis for experiments with two comparisons. P-values less than 0.05 was considered statistically significant. For all figures, ∗, ∗∗, ∗∗∗ indicate P < 0.05, P < 0.01, P < 0.001, respectively.
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Background: Breast cancer (BRCA) is the most common tumor in women, and lipid metabolism involvement has been demonstrated in its tumorigenesis and development. However, the role of lipid metabolism-associated genes (LMAGs) in the immune microenvironment and prognosis of BRCA remains unclear.

Methods: A total of 1076 patients with BRCA were extracted from The Cancer Genome Atlas database and randomly assigned to the training cohort (n = 760) or validation cohort (n = 316). Kaplan–Meier analysis was used to assess differences in survival. Consensus clustering was performed to categorize the patients with BRCA into subtypes. Using multivariate Cox regression analysis, an LMAG-based prognostic risk model was constructed from the training cohort and validated using the validation cohort. The immune microenvironment was evaluated using the ESTIMATE and tumor immune estimation resource algorithms, CIBERSORT, and single sample gene set enrichment analyses.

Results: Consensus clustering classified the patients with BRCA into two subgroups with significantly different overall survival rates and immune microenvironments. Better prognosis was associated with high immune infiltration. The prognostic risk model, based on four LMAGs (MED10, PLA2G2D, CYP4F11, and GPS2), successfully stratified the patients into high- and low-risk groups in both the training and validation sets. High risk scores predicted poor prognosis and indicated low immune status. Subgroup analysis suggested that the risk model was an independent predictor of prognosis in BRCA.

Conclusion: This study demonstrated, for the first time, that LMAG expression plays a crucial role in BRCA. The LMAG-based risk model successfully predicted the prognosis and indicated the immune microenvironment of patients with BRCA. Our study may provide inspiration for further research on BRCA pathomechanisms.

Keywords: breast cancer, lipid metabolism, tumor immune microenvironment, risk model, prognosis


INTRODUCTION

Breast cancer (BRCA) is the most common malignancy and the second leading cause of cancer-related death among women globally (DeSantis et al., 2019). Epidemiological studies have revealed that at least 268,000 patients are newly diagnosed with BRCA each year and 41,760 patients die. The incidence of BRCA has been steadily increasing (Siegel et al., 2019; Britt et al., 2020; Zhao et al., 2020). Currently, the therapeutic strategies for BRCA mainly include surgical resection, endocrine therapy, and combining surgery with various types of adjuvant therapies, including radiotherapy, chemotherapy, and immunotherapy (Waks and Winer, 2019; Zhao et al., 2020). The therapeutic objective is to improve the long-term survival and quality of life of patients with BRCA. The 5-year overall survival rate for early diagnosis of BRCA is >90%, which declines to 27% in stage IV patients (DeSantis et al., 2019). BRCA mainly includes three subtypes: ERBB2+, hormone receptor positive/ERBB2 negative (HR+/ERBB2-), and triple-negative. As the tumors are remarkably heterogeneous, fixed-treatment modes are not effective for all patients. Considering the significant tumor heterogeneity of BRCA, multivariable indicators are more significant than single biomarkers for prognosis prediction (Zhang et al., 2020), and risk models based on gene expression are a promising option (Yu et al., 2019).

The dysregulation of lipid metabolism plays a pivotal role in tumorigenesis and development, and increasing evidence indicates that lipid metabolism is essentially reprogrammed in tumors. This is regarded as a new hallmark of malignant tumors (Cheng et al., 2018; Maan et al., 2018; Visweswaran et al., 2020; Matsushita et al., 2021). Growing data suggest that lipid-metabolic reprogramming also plays an important role in the invasion and metastasis of malignant tumors (Luo et al., 2017). Targeting the lipid metabolism of tumor cells has been recognized as an attractive tumor treatment strategy (Liu et al., 2017; Visweswaran et al., 2020). Emerging evidence also indicates that aberrant lipid metabolism is involved in drug resistance during cancer treatment (Iwamoto et al., 2018; Cao, 2019). Previous studies have reported that risk signatures derived from lipid metabolism-associated genes (LMAGs) exhibit potent capability in predicting the prognosis of various tumors, including serous ovarian carcinomas (Zheng et al., 2020), clear cell renal cell carcinomas (Zheng et al., 2020), pancreatic cancer (Ye et al., 2021), lung adenocarcinomas (Li et al., 2020), and diffuse gliomas (Li et al., 2020). However, the prognostic value of LMAGs in patients with BRCA remains largely unknown.

The tumor microenvironment (TM) is a crucial regulator of malignancy (Wu et al., 2021). In particular, the tumor immune microenvironment, which reflects the immune status of the tumor tissues, performs critical functions, and has attracted increasing attention (Pitt et al., 2016; Locy et al., 2018; Lei et al., 2020). Immune cells in the immune microenvironment possess effective regulatory and destructive effects on tumor cells, and may have dual tumor-promoting and tumor-antagonizing roles (Lei et al., 2020). Recently, various studies have demonstrated that the immune microenvironment is crucial for the development and therapeutic efficacy of tumors (Lei et al., 2020). Meanwhile, increasing evidence indicates that dysregulation of the lipid metabolism greatly influences the immune microenvironment (Hao et al., 2019). However, the association between LMAGs and the tumor immune microenvironment remains obscure in BRCA.

Therefore, in this study, we explore the role of lipid metabolism in the oncogenesis and development of BRCA, using multiple bioinformatics methods. A novel prognostic risk model was constructed, based on LMAG expression levels, to evaluate the prognostic value of LMAGs in patients with BRCA. We also comprehensively analyzed differences in the immune microenvironments of patients with BRCA. In addition, we preliminarily elucidated the potential signaling pathways involved.

To the best of our knowledge, this is the first study to report the prognostic role of LMAGs in BRCA. The results of this study should provide inspiration for elucidating the molecular mechanisms of BRCA tumorigenesis and progression, promoting the development of personalized targeted therapy, and improving the prognosis of patients with BRCA.



MATERIALS AND METHODS


Data Collection

The clinical data and gene expression matrices of enrolled patients were obtained from The Cancer Genome Atlas database1. In this study, 1076 BRCA samples were included, of which 760 samples were assigned to the training cohort and 316 to the validation cohort. The baseline data of all the samples are summarized in Table 1. A total of 776 LMAGs were collected from the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Reactome databases, and 78 of these were identified as prognostic for BRCA, using univariable Cox regression analysis. And the process of data analysis is shown in Figure 1.


TABLE 1. Clinical characteristics of samples.
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FIGURE 1. The scheme diagram of data analyzing.




Consensus Clustering

According to the expression matrix of the 78 LMAGs, consensus clustering was performed using the R package “ConsensusClusterPlus” to divide the patients with BRCA in the training cohort into subgroups. Clustering was implemented on the grounds of partitioning around medoids, with Euclidean distances.



Immune Analysis

The estimation of stromal and immune cells in malignant tumor tissues using expression data (ESTIMATE) method was applied to calculate the immune score, ESTIMATE score, and tumor purity of the patients, via the R package “estimate” (Yoshihara et al., 2013). Tumor immune estimation resource (TIMER) analysis2 was conducted to evaluate the abundance of six types of immune cells (neutrophils, CD4 T cells, macrophages, CD8 T cells, dendritic cells, and B cells) (Li et al., 2017). The CIBERSORT algorithm was employed to estimate the ratio of 22 types of infiltrating immune cells. Single sample gene set enrichment analysis (ssGSEA) was performed to assess the infiltration level of 28 types of immune cells using the “GSVA” R package.



Construction and Validation of Risk Model Based on LMAGs

Based on univariable regression analysis, the least absolute shrinkage and selection operator algorithm was applied using the R package “glmnet” to select candidate genes for constructing the risk model. The genes included in the risk model were determined using multivariate regression analysis. Which were listed in Table 2. Each patient in both the training and validation cohorts was assigned a risk score, according to the following formula: risk score = (−0.2141 × PLA2G2D expression) + (0.52944 × MED10 expression) + (−0.1887 × CYP4F11 expression) + (−0.4069 × GPS2 expression). The patients were categorized into low- and high-risk groups, with the median of the risk score regarded as the cutoff. Kaplan–Meier analysis was employed to estimate the difference in overall survival between the categorized patients via the R package “survival.” The prognostic capability of the risk model was validated using time-dependent receiver operating characteristic (ROC) analysis with the R package “survivalROC.”


TABLE 2. Features of the genes used for constructing the risk model.
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Evaluation of Risk Model Independence

Univariate and multivariate Cox regression analyses were performed to estimate whether the risk score was an independent predictor of BRCA prognosis. A subgroup analysis was conducted to confirm the independence of the risk model. The patients with BRCA in the training cohort were regrouped into new subgroups based on different clinical characteristics, and the patients in each subgroup were stratified into high- and low-risk groups, based on the median risk score.



Functional Analysis

Differential expression analysis was conducted using the “limma” R package to identify differentially expressed genes (DEGs) for subsequent analyses. Gene ontology (GO) and KEGG analyses were performed to enrich the DEGs into associated pathways using the “clusterProfiler” R package. Enrichment analysis was also performed using the web tool “metascape”3. Moreover, the activity of each GO term in each patient with BRCA was evaluated via gene set variation analysis (GSVA) using the “GSVA” R package.



Statistical Analysis

Data analyses were mainly completed using R (version 4.0) and GraphPad Prism (version 8.0), and visualization also employed TBtools (Chen et al., 2020). Discontinuous data are presented as number (percentage), and continuous data are displayed as mean ± standard deviation. Differences between two groups were calculated using Student’s t-tests, while those among more than two groups were calculated using one-way ANOVA. Statistical significance was defined as p < 0.05.



RESULTS


Consensus Clustering for LMAGs Correlated With Prognosis and Immune Microenvironment in BRCA

Consensus clustering was conducted to cluster the patients with BRCA in the training cohort into subgroups. The results showed that consensus clustering was the most stable when K = 2 (Figures 2A–C and Supplementary Figure 1). Therefore, the patients with BRCA were divided into two groups, with 564 patients in Cluster 1 and 196 patients in Cluster 2. Survival analysis indicated that the overall survival of the two clusters differed, and that patients in Cluster 2 had a significantly better prognosis (Figure 2D). Heatmap visualization showed that the prognostic LMAG expression of the patients with BRCA also differed significantly between the two clusters (Figure 2E). The ESTIMATE assessment suggested that the patients in Cluster 2 had higher immune scores and ESTIMATE scores and lower tumor purity (Figure 3A). In addition, TIMER analysis demonstrated a statistical difference between the two clusters regarding the abundance of infiltrating immune cells. The abundance of CD4 T cells and myeloid dendritic cells was lower in Cluster 1 than in Cluster 2, whereas the opposite trend was observed in macrophage cells and CD8 T cells (Figure 3B). Meanwhile, the CIBERSORT algorithm was used to calculate the infiltration level of the immune cells (Figure 3C), and quantitative analysis suggested a significant difference between the two clusters (Figure 3D). Finally, ssGSEA was performed to assess the immune status of the patients with BRCA, and the results are illustrated in a heatmap (Figure 3E), which shows that the patients in Cluster 2 had a relatively high immune status compared with those in Cluster 1. Statistical analysis confirmed the ssGSEA results (Figure 3F). These findings indicate that LMAG expression is associated with the prognosis and immune microenvironment of patients with BRCA.
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FIGURE 2. Consensus clustering. (A–C) The clustering demonstrating the best stability with K = 2, (D) Kaplan–Meier analysis curve, (E) heatmap illustrating the different expressional pattern of the prognostic lipid metabolism associated genes in the two clusters.
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FIGURE 3. Immune analyses in the clustered subgroups. (A) ESTIMATE algorithm, (B) TIMER algorithm, (C,D) CIBERSORT analysis, and ssGSEA analysis (E,F). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




Construction of an LMAG-Based Risk Model Using the Training Cohort

A risk model based on LMAGs was established to evaluate the prognostic value of LMAGs in BRCA. Based on univariate Cox analysis, least absolute shrinkage and selection operator analysis screened out 15 genes for subsequent analysis (Figure 4A). Of these, multivariate Cox analysis identified four genes to include in the constructed risk model, MED10, PLA2G2D, CYP4F11, and GPS2, all of which can independently predict the prognosis of patients with BRCA (Supplementary Figure 2). According to the median risk score, the patients were categorized into high- and low-risk groups. The risk score and survival status distributions of the patients are depicted in Figure 4B. A heatmap visualizing the expression pattern of the genes used in the risk model suggested that patients in the high-risk group tended to express risk genes with a hazard ratio > 1, including MED10, while patients in the low-risk group tended to express protective genes with a hazard ratio < 1, including PLA2G2D, CYP4F11, and GPS2 (Figure 4C). The Kaplan–Meier survival curve indicated that the patients in the low-risk group had significantly better overall survival (Figure 4D). With respect to model diagnosis, the areas under the curve of the time-dependent ROC curves were 0.744 for one-year survival, 0.700 for three-year survival, and 0.678 for five-year survival, respectively, suggesting the acceptable stability of the risk model (Figure 4E). These results indicate that the LMAG-based risk model could accurately predict the prognosis of patients with BRCA.
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FIGURE 4. Construction of risk model. (A) LASSO analysis revealing the minimal lambda, (B) survival status and risk score, (C) heatmap visualizing the expression pattern of the four candidate LMAGs, (D) survival curve illustrating the overall survival of the BRCA patients, (E) time-dependent ROC curve, (F–H) subgroup analyses suggesting the independence of the risk model regarding age, radiotherapy, and tumor stage.




The Risk Model Is an Independent Indicator for BRCA Prognosis

Univariable/multivariable Cox regression and subgroup analyses were conducted to verify the independence of the LMAG-based risk model. Univariate Cox regression analysis revealed that the risk score could predict the prognosis of patients with BRCA independently (p = 2.47E−10) (Supplementary Table 1). In the multivariable regression analysis, the risk score remained statistically significant for BRCA survival (p = 1.42E−06) (Supplementary Table 2). Additionally, the patients with BRCA in the training cohort were regrouped into subgroups based on age (<58 and ≥58 years old), tumor stage (stage 1, stage 2, and stage 3), and radiotherapy application. Regardless of the subgroups, the LMAG-based risk model stratified the patients with BRCA into the high- and low-risk groups, and the patients in the low-risk group still showed significantly longer survival (Figures 4F–H). These results indicate the excellent independence of the risk model.



The Risk Model Was Associated With Immune Microenvironment in the Training Cohort

The association between the risk model and the immune microenvironment in BRCA was assessed using multiple immune analyses. The ESTIMATE results revealed that the patients with BRCA in the high-risk group had significantly lower immune scores and ESTIMATE scores, and higher tumor purity, than those in the low-risk group (Figure 5A). The TIMER algorithm indicated that the abundances of B cells (p < 0.0001), neutrophils (p = 0.0086), CD4 T cells (p < 0.0001), myeloid dendritic cells (p < 0.0001), and CD8 T cells (p < 0.0001) in the low-risk group were statistically higher than those in the high-risk group, while the opposite was observed for macrophages (Figure 5B). The results of the CIBERSORT immune-infiltration analysis are depicted in a heatmap (Figure 5C), and the corresponding statistical analysis suggested significant differences in most immune-infiltrating cells (Figure 5D). Moreover, ssGSEA revealed that the patients with BRCA in the low-risk group had a relatively high immune status compared with those in the high-risk group (Figure 5E). Meanwhile, quantitative analysis confirmed higher ssGSEA scores in the low-risk group than in the high-risk group (Figure 5F). The above findings demonstrate that the LMAG-based risk model was related to the immune microenvironment in BRCA.
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FIGURE 5. Immune microenvironment landscape in the training cohort. (A) ESTIMATE algorithm, (B) TIMER algorithm, (C,D) CIBERSORT analysis, and ssGSEA analysis (E,F). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




The Risk Model Correlated With Prognosis and Immune Microenvironment in the Validation Cohort

To further confirm the practicability and reliability of the LMAG-based risk model, it was verified using the validation cohort. According to the median risk score, the patients in the validation cohort were stratified into high- and low-risk groups. The survival status and risk score distributions are illustrated in Figure 6A. As expected, the overall prognosis of the two groups differed significantly, and the patients in the low-risk group showed longer survival (p = 0.001) (Figure 6B). The expressions of the four genes included in the risk model are shown in a heatmap (Figure 6C). Patients in the low-risk group showed a tendency to express protective genes (PLA2G2D, CYP4F11, and GPS2), whereas patients in the high-risk group tended to express the risk gene MED10. Furthermore, the relationship between the risk score and the BRCA immune microenvironment was confirmed in the validation cohort. In the ESTIMATE analysis, a low risk score was significantly associated with high immune and ESTIMATE scores, and low tumor purity (Figure 7A). Regarding the TIMER analysis, the abundance of all six immune cells was statistically different between the two groups (Figure 7B). Except for macrophages (p < 0.0001), the abundances of all the immune cells were significantly higher in the low-risk group than in the high-risk group. The heatmap visualization and corresponding statistical analysis of the CIBERSORT algorithm are depicted in Figures 7C,D, respectively. In the ssGSEA, relatively high immune status was observed in the low-risk group compared to the high-risk group (Figure 7E), and quantitative analysis identified statistical differences in most immune cells between the two groups (Figure 7F). These results suggest that the LMAG-based risk model is related to prognosis and the immune microenvironment in BRCA.
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FIGURE 6. Verification of the risk model in the validation cohort. (A) Survival status and risk score in the validation set, (B) survival curve showing the survival of the patients in the validation cohort, (C) heatmap illustrating the expression of candidate LMAGs in the validation cohort.
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FIGURE 7. Association between the risk model and immune microenvironment in the validation cohort. (A) ESTIMATE algorithm, (B) TIMER algorithm, (C,D) CIBERSORT analysis, and ssGSEA analysis (E,F). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




Establishment of a Risk Model-Based Nomogram in the Training Cohort

To develop a strategy to quantitatively predict the probability of survival in BRCA, a prognostic nomogram was constructed, based on the four genes from the risk model, via Cox proportional hazards analysis (Figure 8). As depicted in the nomogram, each prognostic gene in the risk model was endowed with a specific score and a corresponding expression value, and the total score was obtained by summing the scores of all the variables. Correspondingly, the survival probability of patients with BRCA can be calculated according to the total score. The one-year, three-year, and overall survival rates of the patients with BRCA were predicted using the nomogram.
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FIGURE 8. Nomogram based on the prognosis-associated lipid metabolism-associated genes.




Immune-Related Signaling Pathways May Mediate the Role of LMAGs in BRCA

Finally, to further explore the molecular mechanisms associated with the roles of LMAGs in BRCA, functional analyses were conducted. Eighty DEGs were identified between the high-risk and low-risk groups; the volcano plot is shown in Figure 9A. It is worth noting that all of the DEGs were downregulated in the high-risk group compared with the low-risk group. Enrichment analyses revealed that the DEGs were mainly enriched in immune-related signaling pathways (Figures 9B–D), suggesting that immunity may mediate the significance of LMAGs in the prognosis of patients with BRCA. GO analysis indicated that the DEGs were mainly enriched in biological processes associated with immune cell activation, differentiation, and adhesion (Figure 9C), although they were also enriched in some crucial molecular functions and cellular components (Supplementary Figure 3). KEGG analysis demonstrated that the DEGs were enriched in signaling pathways related to immune cell differentiation (Figure 9D). Furthermore, GSVA was performed to calculate the activity of the GO terms in each patient with BRCA and the results, visualized in a heatmap (Figure 9E), suggest that the activities of immune-related pathways were relatively downregulated in the high-risk group. These findings indicate that immune-related signaling pathways may mediate the role of LMAGs in BRCA.
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FIGURE 9. Functional analyses. (A) Volcano plot depicting the differentially expressed genes (DEGs) between the two groups, (B,C) bubble plot derived from gene ontology (GO) analysis suggesting that the DEGs were mainly enriched in immune-associated biological processes, (D) bubble diagram derived from Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis showing that the DEGs were enriched in immune-associated signaling pathways, (E) GSVA plots visualizing the result of GSVA analysis.




DISCUSSION

As one of the deadliest malignancies in women, BRCA has always been a serious public health issue and imposes a huge burden on humankind worldwide (Harbeck and Gnant, 2017; Batalha et al., 2021). Although the prognosis has improved significantly with the development of medical technology, the 5-year overall survival of patients with advanced BRCA is still far from satisfactory (Harbeck and Gnant, 2017; Tian et al., 2020). Constructing a risk model is an innovative and applicable way to predict a patient’s prognosis, and it provides a valuable supplement for the TNM stage system in patient risk stratification. Considering the significance of lipid metabolism in BRCA biology, we developed a prognostic model based on four LMAGs and estimated the effect of LMAGs on the immune microenvironment of patients with BRCA. The results suggest that the LMAG-based risk model possesses potent predictive capacity in the prognosis of patients with BRCA and can indicate the tumor immune microenvironment. Additionally, functional analyses showed that immune-associated signaling pathways mediated the role of LMAGs in BRCA. The results of this work could provide a novel perspective for future BRCA research, optimize risk stratification, promote the development of targeted therapy, and help to improve the prognosis of patients with BRCA.

It has been previously reported that the lipid metabolite 27OHC was a potential risk biomarker for BRCA and can act as a mitogen (Nazih and Bard, 2020). This means that abnormal lipid metabolism plays a pivotal role in the pathogenesis of BRCA. Immune abnormality is also an important risk factor for BRCA. The crosstalk between the immune system and cancer cells will change dynamically during the development and treatment of cancer (King et al., 2017).

LMAGs expression predicted the prognosis and was associated with the immune microenvironment of patients with BRCA. Consensus clustering is an acknowledged unsupervised clustering method that can identify new molecular subtypes according to different omics datasets (Wilkerson and Hayes, 2010). In this study, consensus clustering successfully classified the patients with BRCA into two clusters, according to the expression level of prognostic LMAGs. The patients in Cluster 2 had a favorable prognosis, suggesting that LMAG expression is valuable in the prediction of BRCA prognosis. Although further functional analyses were not performed to clarify the inherent associations and molecular cascades of the two newly identified molecular subgroups, the consensus clustering results provide a novel perspective for further research on BRCA.

As the two molecular subtypes are an innovative classification of BRCA, they provide a supplement or substitution for the existing categorization system. It should be noted that the ratio between the two groups was approximately three to one, which was not equal, but is acceptable. In addition, we found statistically significant differences in immune microenvironment between the two subgroups. In particular, better overall survival was correlated with higher immune scores, lower tumor purity, and relatively high immune status, which is consistent with a previous study (Qi et al., 2020). High tumor purity implies shorter survival time and such tumors are more likely to be diagnosed as malignant. Considering that the clustering was conducted based on an LMAG expression matrix, we could reasonably infer that LMAG expression was correlated with the immune microenvironment of patients with BRCA.

Immune cell infiltration into the TM reflects the immune landscape in tumors (Ho et al., 2020). Suppressing anti-tumor immune response is the main mechanism through which cancer cells evade supervision and destruction by the immune system (De Cicco et al., 2020). The functional roles of the various immune cells differ. Usually, CD8 T cells, CD4 T cells, dendritic cells, B cells, and NK cells exert anti-tumor functions, regulatory T cells play a pro-tumor role, and macrophages and monocytes play equivocal roles in the progression of tumor progression (Chimal-Ramírez et al., 2013; Zhang and Zhang, 2020; Batalha et al., 2021). Results of TIMER in clustered and risk model-stratified subgroups are not completely consistent in this study, especially CD8 T cell, which is worth further investigation. We constructed a risk model to estimate and validate the role of LMAGs in the immune microenvironment of BRCA. The established LMAG-based risk model stratified the patients into groups with different prognoses that were correlated with immune infiltration in both the training and validation cohorts. Moreover, model diagnosis using ROC analysis indicated that the risk model is a reliable indicator of prognosis. Overall, these results reveal that the LMAG-based risk model is a well-developed reference for predicting the prognosis of patients with BRCA, and that it is closely related to the tumor immune microenvironment in BRCA.

The constructed risk model in this study was not influenced by other clinical parameters, such as age. In addition to stability, independence is a critical index for an effective prognostic risk model. In this study, the prognosis was correlated with the risk score, and univariable and multivariate regression analyses indicated that the risk model was an independent indicator of BRCA prognosis. To further explore the possibility of interference resulting from other indexes, subgroup analysis was performed to confirm the prognosis-predicting power of the risk model. The results suggest that the risk score remains effective in predicting BRCA prognosis even when the patients are regrouped according to clinical parameters. Unfortunately, subgroup analysis of metastasis could not be conducted, as this factor was limited by sample size. The LMAG-based risk model was independently predictive of prognosis in BRCA.

All the genes in our constructed risk model were related to tumors prognosis. Risk models are an applicable method for developing prognostic molecular biomarkers and have been constructed for a variety of tumors, showing powerful predictive ability (Chen et al., 2021; Lv et al., 2021). Generally, the patients were scored according to candidate-gene expression values and coefficients, and lower scores indicated a favorable prognosis. In the present study, four candidate LMAGs, including one risk gene and three protective genes that have all been demonstrated to be involved in the progression and prognosis of tumors, were selected for the construction of the risk model.

MED10 encodes the mediator of RNA polymerase II transcription subunit 10 (MED10), and previous studies have suggested that MED10 expression is a risk factor for multiple types of tumors (Xu et al., 2018; Sahar et al., 2019; Wang et al., 2021). Xu et al. (2018) and Wang et al. (2021) demonstrated that MED10 is a critical prognostic gene in glioblastoma and hepatocellular carcinoma, respectively. The protein level of MED10 has also been shown to be upregulated in uterine leiomyoma compared to that in the adjacent myometrium (Sahar et al., 2019). In line with the above reports, MED10 was shown to be detrimental for the prognosis of patients with BRCA, and tended to be expressed in the high-risk group in this study. Phospholipase A2 group IID (PLA2G2D), encoded by PLA2G2D, is an immunosuppressor involved in the conversion of lipid balance to an anti-inflammation status, which can play a detrimental or beneficial role, depending on inflammatory and tumorous context (Miki et al., 2016). A previous study revealed that the expression of PLA2G2D was reduced 23-fold in colorectal adenocarcinomas compared to normal tissue (Mounier et al., 2008; Xiong et al., 2021). Xiong et al. (2021) reported that PLA2G2D is a prognosis-predicting gene in head and neck squamous cell carcinoma. The cytochrome P450 (CYP) superfamily are the most important microsomal mixed functional oxidases. CYP4F11 encodes a member of this superfamily, cytochrome P450, family 4, subfamily F, polypeptide 11 (CYP4F11), which catalyzes the formation of stearoyl CoA desaturase inhibitors (Theodoropoulos et al., 2016). The expression of CYP4F11 has been significantly and independently correlated with survival in esophageal squamous cell carcinoma and colorectal cancer (Alnabulsi et al., 2017; Wu et al., 2018). It is especially worth noting that the gene expression level of CYP4F11 in BRCA is significantly higher than that in adjacent tissues (Bandala et al., 2012). Finally, GPS2 encodes G protein suppressor 2 (GPS2), which was identified as a constituent of the silencing mediator of retinoic acid and thyroid hormone receptor corepressor complexes (Cheng and Kao, 2009). GPS2 has been shown to play a tumor-suppressive role in liposarcoma (Huang et al., 2016) and BRCA (Cheng and Kao, 2009; Chan et al., 2020), and the loss of GPS2 facilitated tumor growth and the proliferation of cancer cells (Chan et al., 2020). These findings indicate that the aberrant expression of the candidate LMAGs is involved in the progression and prognosis of multiple types of tumors, including BRCA; therefore, it was reasonable to integrate them to establish a risk model for risk stratification and prognosis prediction in BRCA.

Immune-associated signaling cascades mediate the significance of LMAGs in BRCA. The GO and KEGG analyses suggested that the DEGs between the high- and low-risk groups were mainly enriched in immune-associated pathways. More specifically, GSVA revealed that patients in the low-risk group had a relatively high immune status. Considering the overall survival of the patients, it was reasonable to deduce that a favorable prognosis correlated with high immune cell infiltration. The patients were classified based on their LMAG expression values; thus, we concluded that the risk model predicted prognosis and indicated the immune microenvironment.

In recent years, increasing numbers of pre-clinical and clinical studies have highlighted the crucial role of metabolism in the clinical and immune responses of patients with cancer (Bleve et al., 2020). Emerging evidence has revealed an intricate interplay between lipid metabolism and immune cell responses in tumors (Chen and Sui, 2021; Xiang and Miao, 2021). The detailed mechanisms can be interpreted in multiple dimensions. As mentioned previously, lipid-metabolic reprogramming is a new hallmark of malignant cancers. It is mostly altered to meet the requirements of nutrients for cellular proliferation, and could impact the state and functions of infiltrating immune cells (Liu W. et al., 2021; Qin and Chen, 2021; Xiang and Miao, 2021). Macrophages can be reprogrammed to promote tumor progression via increased cholesterol efflux (Goossens et al., 2019; Matsushita et al., 2021). Exogenous and endogenous lipid metabolism exerts different functions on T cells (Matsushita et al., 2021). The anti-tumor role of T cells may be enhanced by cholesterol; however, its role is negatively regulated by liver X receptors in the oxysterol-abundant TM (Matsushita et al., 2021). A recent study demonstrated that lipid metabolism reprograming, triggered by the unbalanced lipid metabolism in senescent T cells, prevented the senescence of effector T cells (Liu X. et al., 2021) and enhanced the functional specialization of regulatory T cells in cancers (Lim et al., 2021). Lipid accumulation in the dendritic cells damaged their anti-tumor functions, as the affected cells could not effectively present tumor-associated antigens (Herber et al., 2010). High levels of lipids in the TM can stimulate the generation of myeloid-derived suppressor cells, resulting in significant metabolic and functional rewiring (Al-Khami et al., 2017). Moreover, lipid metabolism is one of the most essential energy sources for various cells in the TM. Competition for lipid-metabolic nutrients between proliferative tumor cells and immune-infiltrating cells greatly influences their metabolic status and drastically modifies their functional phenotypes (Chang et al., 2015; O’Neill et al., 2016; Bleve et al., 2020). Thus, it was not surprising that LMAG expression was associated with the immune microenvironment in BRCA, or that a better prognosis was associated with high immune scores and a high abundance of immune cells. Additionally, some LMAGs are also responsible for immune regulation, exerting immune-suppressing or immune-promoting functions. In particular, PLA2G2D, one of the genes used to construct the risk model in this study, is abundantly expressed in the dendritic cells of lymphoid tissues and has anti-inflammatory and immunosuppressive functions (Miki et al., 2016). The expression of these dual-role LMAGs modifies the activity of immune-related pathways, leading to alterations in immune cell function and infiltration. These findings suggest that immune-related pathways mediate the effects of LMAG expression on the immune microenvironment and prognosis of BRCA.

The results of this study demonstrate that the LMAG-based risk model was connected with the tumor immune microenvironment and with prognosis in BRCA. To the best of our knowledge, this is the first study to report the function of LMAGs in the TM and prognosis of BRCA. Our findings provide innovative insights and could be used as a reference for targeted therapy in patients with BRCA.


Strengths and Shortcomings

Several risk-stratification models have been constructed to predict the prognosis of patients with BRCA. However, our study has some unique assets. Above all, this study constructed a prognostic model based on lipid metabolism, which fills the gap of a LMAG-related risk model for predicting BRCA prognosis. Moreover, we not only focused on the predictive performance of LMAGs but also explored the effect of LMAG expression on the tumor immune microenvironment of patients with BRCA. In addition, the molecular mechanisms accounting for the prognostic role of LMAGs in BRCA were preliminarily elucidated and we constructed a nomogram to quantify the influence of each candidate LMAG on the survival of patients with BRCA. We acknowledge that there are some inevitable limitations to this work. First, our conclusion was drawn based on open datasets, but not on the sequenced data of our cohorts. Second, the results of this study were not further validated using clinical samples or laboratory experiments.



CONCLUSION

In summary, this study comprehensively evaluates the role of LMAGs in the prognosis and immune microenvironment of patients with BRCA and explores the molecular mechanisms involved. The LMAG-based risk model that we constructed successfully predicted the overall survival of patients and indicated the tumor immune microenvironment in BRCA. In addition, our results suggest that immune-associated signaling pathways might mediate the functions of LMAGs in BRCA. Our work provides an innovative perspective for future BRCA research and the development of targeted therapy strategies for patients with BRCA. Further studies are needed to validate the clinical prognostic value of the LMAG-based risk model and to explore the underlying mechanisms.
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Background: SWI/SNF-related, matrix-associated, actin-dependent regulator of chromatin subfamily C member 1 (SMARCC1) protein is a potential tumor suppressor in various cancers. However, its role in prostate cancer (PCa) remains controversial. The aim of this study was to determine the biological function of SMARCC1 in PCa and explore the underlying regulatory mechanisms.

Methods: The expression of SMARCC1 was validated in PCa tissues by immunohistochemistry. Meanwhile, function experiments were used to evaluate the regulatory role on cell proliferation and metastasis in PCa cells with SMARCC1 depletion both in vitro and in vivo. The expression levels of relevant proteins were detected by Western blotting.

Results: Our finding showed that SMARCC1 was significantly downregulated in prostate adenocarcinoma, with a higher Gleason score (GS) than that in low GS. The decreased expression of SMARCC1 was significantly correlated with a higher GS and poor prognosis. Additionally, we found that silencing of SMARCC1 dramatically accelerated cell proliferation by promoting cell cycle progression and enhancing cell migration by inducing epithelial mesenchymal transition (EMT). Furthermore, depletion of SMARCC1 facilitated PCa xenograft growth and lung metastasis in murine models. Mechanistically, the loss of SMARCC1 activated the PI3K/AKT pathway in PCa cells.

Conclusion: SMARCC1 suppresses PCa cell proliferation and metastasis via the PI3K/AKT signaling pathway and is a novel therapeutic target.

Keywords: SMARCC1, prostate cancer, proliferation, epithelial-mesenchymal-transition, PI3K/AKT pathway


INTRODUCTION

Prostate cancer (PCa) is a common malignancy afflicting elderly males, with over 1.6 million men diagnosed every year (Pernar et al., 2018; Siegel et al., 2021). In America, the morbidity rate of PCa has ranked first in all cancer-related deaths (Siegel et al., 2021). Globally, it is estimated that 366,000 men die of PCa annually, making it the fifth most common cause of cancer-related deaths worldwide (Pernar et al., 2018; Siegel et al., 2021). Multiple mutations in several key epigenetic factors, including Rb1 and BRCA, drive the progression of PCa to aggressive phenotype at terminal stage, characterized by limited survival, revealing an important role of epigenetic dysregulation on PCa progression (Crea et al., 2011; Liu, 2016; Chan et al., 2018; Sheahan and Ellis, 2018; Oh et al., 2019; Wu et al., 2019; Ge et al., 2020; Liang et al., 2020). However, the specific function and profound mechanisms of various epigenetic factors involved in PCa progression are still uncertain. Thus, it is extremely urgent and worthwhile to further explore the role and mechanisms of epigenetic regulators in PCa progression.

The SWI/SNF-related, matrix-associated, actin-dependent regulator of chromatin subfamily C member 1 (SMARCC1) is one of the core subunits of the SWI/SNF complex involved in epigenetic regulation on genome transcription (Reisman et al., 2009; Shain and Pollack, 2013; Hohmann and Vakoc, 2014; Alver et al., 2017; Lu and Allis, 2017; Savas and Skardasi, 2018). It is regarded as a tumor suppressor in several cancers, including renal, colon, and pancreatic carcinoma (Andersen et al., 2009; Iwagami et al., 2013; Wang et al., 2021). However, its role in PCa remains ambiguous and controversial. Previous studies have shown that SMARCC1 is upregulated in PCa tissue and may promote the initiation and progression in PCa via the transactivating androgen receptor (Hong et al., 2005; Heebøll et al., 2008), whereas a retrospective study on patients with local PCa indicated that SMARCC1 positive staining in the prostate biopsy samples correlated with prolonged survival, which is indicative of a tumor-suppressive role in PCa (Hansen et al., 2011). These discrepancies may be partly attributed to different cancer models and expression systems.

In this study, we aimed to explore the role of SMARCC1 in the proliferation and metastasis of PCa by using a series of in vitro functional assays and in vivo mouse model due to lack of conclusive research on the mechanism of SMRCC1 during PCa progression. Moreover, the potential mechanism by which SMARCC1 mediates the development and progression of PCa was also investigated.



MATERIALS AND METHODS


Prostate Cancer Tissues

Tumor and matched benign prostatic hyperplasia tissue samples were collected from 100 PCa patients who received radical prostatectomy for prostate cancer at Nanfang Hospital, Southern Medical University (Guangzhou, China). The PCa patients were enrolled in our research project according to the following standards: (1) the patients were diagnosed with PCa before surgery, in accordance with biopsy pathological diagnosis, (2) post-operation pathological examination confirmed the diagnosis of PCa, and (3) the patients were informed and consented to the collection of specimens. Meanwhile, some PCa patients were excluded from our research cohort due to the following criteria: (1) patients with other malignant diseases or a second primary tumor, (2) PCa patients who received preoperative androgen deprivation therapy, chemotherapy, or radiotherapy before surgery, and (3) HIV- or syphilis-positive patients. The relevant clinicopathological data of the patients was also obtained. All patients signed the informed consent, and sample collection was approved by the ethical protocols of the Ethics Committee of Nanfang Hospital, Southern Medical University.



Immunohistochemistry

The paraffin sections were dewaxed in xylene, rehydrated through an ethanol gradient, and washed in phosphate buffer saline (PBS). After boiling in 10 mM citrate buffer (pH 6) for 10 min for antigen retrieval, the sections were immersed in 3% H2O2 for 10 min to inhibit endogenous peroxidase. The sections were then blocked with 1% goat serum and incubated overnight with primary antibodies against SMARCC1 (1:800; Abcam, cat. ab126180, United States), E-Cadherin (1:100; CST, cat. 24E10, United States), Claudin1 (1:100; CST, cat. 13255T, United States), MMP2 (1:50; HuaBio, cat. ER40806, China), P504S (1:100; Proteintech, cat. 15918-1-AP, China), and Ki67 (1:100; Biossci, cat. BA1063, China) at 4°C. After washing thrice with PBS, the sections were then probed with the secondary antibody for 1 h and rinsed three times with PBS. The DAB Kit (Biossci, cat. BP0770, China) was used for immunostaining, and the nucleus was counterstained with hematoxylin. The sections were then dehydrated through an ethanol gradient and sealed with neutral balsam. The stained sections were observed under a light microscope (BX53, Olympus, Japan) fitted with a digital camera (DP72, Olympus, Japan). The in situ SMARCC1 expression level was analyzed independently by two pathologists blinded to the patients’ clinical information. The staining intensity was scored as negative (0), weak (1), medium (2), or strong (3), and the percentage of positively stained area was scored as 0 (0%), 1 (1–25%), 2 (26–50%), 3 (51–75%), and 4 (76–100%). The total staining score was calculated by multiplying the intensity and positivity scores, and the samples were graded as low (0–5), medium (6–8), and high (9–12) expression accordingly. In addition, low staining intensity in tissue was classified as negative, while both medium and high staining intensity were classified as positive.



Bioinformatics Analyses

The disease-free survival data was extracted from the Gene Expression Profiling Interactive Analysis (GEPIA) database1 and analyzed using R. The cutoff was set as 30% high vs. 70% low.



Cell Culture

RWPE-1, LNCAP, C4-2, PC3, 22RV1, and DU145 cell lines were obtained from the Cell Bank of Typical Culture Preservation Committee of the Chinese Academy of Sciences (Shanghai, China). The RWPE-1 cells were cultured in primary keratinocyte culture medium (iCell Bioscience Inc., cat. PriMed-iCell-010, China), and the other cell lines were cultured in RPMI 1640 (Gibco, cat. 11875-093, United States) supplemented with 10% fetal bovine serum (FBS; Gibco, cat. 10270-106, United States) and 1% penicillin–streptomycin solution (Gibco, 15140-122, United States) at 37°C under 5% CO2. As per experimental requirements, the cells were treated with 20 ng/ml LY294002 (Macklin, cat. HY-10108, China) in dimethyl sulfoxide for 24 h (Bao et al., 2015).



SMARCC1 Knockdown

The cells were seeded in six-well plates at a density of 0.5 × 106 cells/well and transfected 24 h later with SMARCC1 siRNA using Lipofectamine 3000 (Invitrogen, United States). The cells were harvested 48 h after transfection, and SMARCC1 mRNA and protein levels were analyzed by quantitative real-time polymerase chain reaction (qRT-PCR) and western blotting. The lentivirus vector containing the SMARCC1 shRNA was synthesized by Vigene Biosciences Inc. (China). Briefly, 0.5 × 106 cells were plated in six-well plates and infected 24 h later with the virus at a multiplicity of infection (MOI) of 30 in serum-free medium. Fresh complete medium containing 2 μg/ml puromycin was added 48 h after transfection, and the cells were cultured for 4 days. The sh-SMARCC1 cell lines with stable knockdown were detected by qRT-PCR and western blotting. siRNA targeted to SMARCC1: 5′-CCUCACAAGACGAUGAAGATT-3′ 5′-UCUUCAUCGUCUUGUGAGGTT-3′ was synthesized in GenePharma Co., Ltd (Suzhou, CHINA) and sh RNA contained in lentivirus vectors was designed according to siRNA sequence.



RNA Extraction and qRT-PCR

RNA was extracted using Trizol reagent (Invitrogen, cat. 15596018, United States) and reverse-transcribed to cDNA using PrimeScript RT Master Mix Kit (Takara, cat. RR036A, Japan) according to the manufacturer’s instructions. The cDNA was amplified with the PrimeScriptTM RT-PCR Kit (Takara, cat. DRR015A, Japan) on Applied BiosystemsTM 7500 fast Dx real-time PCR cycler (Thermofisher, United States) according to the manufacturer’s protocol. GAPDH was used as the internal control, and relative expression levels were calculated by the 2–ΔΔCT method. Primer sequence was obtained from website primerbank (https://pga.mgh.harvard.edu/primerbank/) and shown as following: SMARCC1 (Forward sequence: 5′-AGCTGTTTATCGACGGAAGGA-3′; Reverse sequence: 5′-GCATCCGCATGAACATACTTCTT-3′); GAPDH (Forward sequence: 5′-GGAGCGAGATCCCTCCAAAAT-3′; Reverse sequence: 5′-GGCTGTTGTCATACTTCTCATGG-3′).



Protein Extraction and Western Blotting

The suitably treated cells were homogenized in radio-immunoprecipitation assay (RIPA) buffer supplemented with phenylmethylsulfonyl fluoride (KGP250, KeyGEN BioTECH, Nanjing, China) at the ratio of 1,000:1, along with protease inhibitor (Mecklin, cat. P885281, China) and phosphatase inhibitor (FDbio, cat. FD7186, China), each at 100:1 ratio. The cells were lysed by ultrasonication for 20 min and centrifuged at 12,000 rpm for 5 min at 4°C. The nuclear and cytoplasmic proteins were fractionated using the nucleus extraction kit (Pythonbio, cat. AAPR285, Guangzhou, China). Briefly, 1 × 107 of cells were lysed using a specific buffer at 4°C for 20 min and centrifuged for 5 min. The cytoplasmic fraction was removed, and the nuclear fraction was washed thrice with PBS. Protein was extracted from both fractions using RIPA buffer as described above. The respective supernatants were aspirated, mixed with × 5 loading buffer (FDbio, cat. FD0006, China) at a ratio of 1:4, and denatured by boiling. An equal amount of protein per sample was separated by 10% sodium dodecyl sulfate polyacrylamide gel electrophoresis and transferred to polyvinylidene fluoride membrane (Millpore, cat. MB0323, United States). After blocking with 10% milk or bovine serum (for phosphorylated proteins), the membranes were incubated overnight with primary antibodies specific for SMARCC1 (1:500; CST, cat. D7F83, United States), Cyclin D1 (1:500; CST, cat. 92G2, United States), Cyclin E1 (1:500; CST, cat. HE12, United States), CDK6 (1:500; CST, cat. DSC83, United States), p21 (1:500; CST, cat. 12D1, United States), p27 (CST, cat. D96C12, United States), E-Cadherin (1:500; CST, cat. 24E10/4A2, United States), N-Cadherin (1:500; CST, cat. D4R1H, United States), Vimentin (1:500; CST, cat. D21H3, United States), β-catenin (1:500; CST, cat. D10A8, United States), Snail (1:500; CST, cat. C15D3, United States), Slug (1:500; CST, cat. C19G7, United States), Zeb1 (1:500; CST, cat. D80D3, United States), Zeb2 (1:500; ABclone, cat. A5705, CHINA), Akt (1:500; CST, C67E7, United States), p-AkSer473 (1:500; CST, cat. D9E, United States), p-AktThr308 (1:500; CST, cat. D25E6, United States), GAPDH (1:1,000; Proteintech, cat. 104941-AP, China; CST, cat. D4C6R, United States), and H3 (1:500; Bioss, cat. bs-0349R, China) at 4°C. Total and cytoplasmatic proteins were normalized to GAPDH, and nuclear protein was normalized to histone H3. PVDF membranes were washed with PBS-tween solution (PBST) and incubated with horseradish peroxidase-conjugated secondary antibody for 1 h. After washing thrice with PBS, the positive bands were detected by FDbio-Dura enhanced chemiluminescence kit (FDbio, cat. FD8020, China).



Cell Viability Assay

The cells were seeded in 96-well plates at a density of 1,000 cells/well in triplicates, and viability was measured using the Cell Counting Kit 8 (Dojindo, cat. CK04, Japan) according to the manufacturer’s instructions. The absorption at 450 nm was detected using Microplate Reader Synergy Neo2 (Biotek, United States).



Colony Formation Assay

The cells were seeded in six-well plates at a density of 3 × 103 cells/well in complete medium and cultured for 12–14 days till colonies were visible. The colonies were fixed with methanol and stained using the Wright–Giemsa kit (Baso, cat. BA4017, China). Colonies harboring >50 cells were counted under a microscope.



Flow Cytometry Assay

The cell cycle distribution was analyzed using a specific detection kit (KeyGENE BioTECH, cat. KGA512, Nanjing, China). Briefly, the suitably treated cells were harvested and fixed in 75% ethanol for 48 h. After washing with PBS, the cells were incubated with ribonuclease at 37°C for 30 min to remove intracellular RNA. The DNA was stained with propidium iodide (PI), and cells were acquired in the FACS Calibur flow cytometer (Bioscience, United States) to measure the DNA content.



EDU Assay

The cells were incubated with EDU solution (EDU assay kit, cat. C10310-1, RiboBio, China) diluted 1:1,000 in complete medium for 2 h. After washing thrice with PBS, the cells were fixed with 4% paraformaldehyde for 10 min and neutralized by 2 mg/ml glycine. The cells were then permeabilized with 0.5% Triton and incubated with the kit reaction agent for 30 min. After washing thrice with 0.5% Triton and once with methanol, the cells were counterstained with Hoechst 33342 (diluted 1:1,000 with ddH2O) for 10 min to stain the nucleus and washed thrice with PBS. The EDU-positive cells were counted under an inverted microscope (Olympus, cat. 1X71, Japan) fitted with DP72 camera (Olympus, Japan).



Immunofluorescence Assay

The cells were seeded in a 24-well plate at a density of 0.2 × 106 cells/well and fixed with 4% paraformaldehyde for 10 min following 24 h of incubation. After neutralizing with 2 mg/ml glycine, the fixed cells were permeabilized with 0.5% Triton for 10 min and washed thrice with PBS. The cells were then blocked with 10% BSA for 1 h and incubated with primary antibodies against E-Cadherin (1:100; CST, cat. 24E10, United States), N-Cadherin (1:100; CST, cat. D4R1H, United States), Vimentin (1:100; CST, cat. D21H3, United States), β-catenin (1:200; CST, cat. D10A8, United States), and p-AktSer473 (1:200; CST, cat. D9E, United States) at 37°C for 2 h. After washing thrice with PBST for 5 min, the cells were incubated with the secondary antibody at 37°C for 1 h. The stained cells were washed thrice with PBST and observed under an inverted microscope (Olympus, cat. 1X71, Japan) fitted with DP72 camera (Olympus, Japan).



Wound Healing Assay

The cells were seeded in a six-well plate at a density of 0.8 × 106 cells/well and cultured for 48 h till 90% confluent. The monolayer was scratched longitudinally with a 10-μl pipette tip, and the debris was removed by washing thrice with PBS. Fresh serum-free medium was added, and the wound region was photographed at 0, 12, and 24 h after scratching under an inverted microscope (Olympus, cat. 1X71, Japan) with DP72 camera (Olympus, Japan). The extent of wound healing was measured using Image J (NIH, United States).



Transwell Assay

The cells were seeded in the upper chambers of 24-well Transwell inserts (Corning, cat. 3422, United States) at a density of 1 × 105 cells/well in serum-free medium, and the lower chambers were filled with complete medium supplemented with 20% FBS. After culturing for 48 h, the unmigrated cells on the upper surface of the membranes were swabbed with a cotton ball, and the migrated cells on the lower surface were fixed with methanol for 10 min and stained with Wright–Giemsa kit (Baso, cat. BA4017, China). The number of migrated cells were counted in three random fields under a BX53 microscope (Olympus, Japan) fitted with DP72 camera (Olympus, Japan).



Mouse Xenograft Models

BALB/c nude mice were obtained from Guangdong Medical Laboratory Animal Center (Guangdong, China). All animal experiments were approved by the Ethical Committee of Southern Medical University and conducted according to the NIH Guide for the Care and Use of Laboratory Animals. The subcutaneous xenograft was established in 4-week-old mice by subcutaneously injecting 5 × 106 cells into their flanks (four mice per group). The animals were sacrificed 33 days after inoculation, and the tumors were weighed, measured, and photographed with SX720 HS camera (Canon, Japan). For the lung metastasis model, 0.2 × 106 cells were injected intravenously into 6-week-old mice through the tail vein. The animals were sacrificed 6 weeks later, and the lung tissues were removed and photographed with SX720 HS camera (Canon, Japan). The tissues were fixed in 10% formalin, embedded in paraffin, and cut into sections. Hematoxylin–eosin staining was performed as per standard protocols and photographed under the BX53 microscope (Olympus, Japan) using DP72 camera (Olympus, Japan). IHC was performed to detect the in situ expression of proliferation and metastasis markers as described. The area invaded by the tumor was calculated by Image J software (NIH, United States).



Statistical Analysis

All statistical analyses were performed using GraphPad 7.0 (GraphPad Software Inc., United States) or SPSS 22.0 (IBM Corp., United States). Chi-square test or Fisher’s exact test was used to determine the correlations between the in situ protein abundance and the clinicopathological factors in PCa tissues. Numerical data were expressed as means ± standard error of mean. Differences between variables were confirmed by two-tailed Student’s t-test or one-way analysis of variance (ANOVA) for continuous variable groups. When ANOVA was significant, post-hoc testing of differences between groups was carried out using the least significant difference test. Survival curves were plotted using Kaplan–Meier’s method and compared by the log-rank test. A P-value < 0.05 was considered statistically significant.



RESULTS


SMARCC1 Is Downregulated in PCa Tissues With GS More Than 7 and Correlates With Poor Prognosis

Compared with that in matched non-tumorous tissues of BPH, in situ SMARCC1 expression in PCa tissue was slightly upregulated without statistical significance (Figure 1A and Table 1). In PCa cases with GS > 7, in situ SMARCC1 expression was significantly downregulated (Figure 1A and Table 2). Consistent with this, the GEPIA data showed that the high expression of SMARCC1 positively correlates with prolonged disease-free survival in PCa patients (Figure 1B). Thus, the loss of SMARCC1 portends poor prognosis and disease progression in PCa. Moreover, endogenous expression of SMARCC1 in PCa cell lines was validated using western blotting assay and was further knocked down using transient transfection of siRNA or lentivirus vector containing short hairpin RNA (Figures 1C–E).
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FIGURE 1. SMARCC1 is downregulated in PCa tissues and correlates with poor prognosis. (A) Representative images of BPH and PCa tissues with Gleason score 7, 8, and 9 showing in situ SMARCC1 expression (magnification, ×100). (B) Disease-free survival of PCa patients with a different SMARCC1 expression from the GEPIA database. (C) Endogenous expression of SMARCC1 mRNA in immortalized normal prostatic epithelial cells and PCa cell lines. (D,E) SMARCC1 mRNA (D) and protein (E) levels in PCa cells transduced with SMARCC1 shRNA lentivirus. Relative mRNA expression levels are shown in the bar graph, and gray density values of proteins are indicated under the corresponding bands. All data are presented as mean ± SEM of at least three independent experiments. ***p < 0.001; ****p < 0.0001.



TABLE 1. SMARCC1 expression profile in tissue from BPH and PCa.
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TABLE 2. Correlation between SMARCC1 expression and pathological characteristics of PCa.

[image: Table 2]


SMARCC1 Inhibits PCa Cell Proliferation in vitro

SMARCC1 silencing significantly increased the viability of PCa cells as well as the number of colonies formed in vitro (Figures 2A,B). Loss of SMARCC1 upregulated cyclinD1/E1 and downregulated the cyclin-dependent kinase inhibitors (CKIs) p21 and p27, which indicated accelerated cell cycle transition (Figure 2C). Consistent with this, EDU incorporation and PI staining assays showed that SMARCC1 knockdown increased the percentage of cells entering S and G2 phases and decreased that of cells remaining in G1 phase (Figures 2D,E). In conclusion, SMARCC1 loss in PCa cells accelerated cell cycle progression and increased their proliferation by downregulating CKIs and activating cyclin D1/E1.
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FIGURE 2. SMARCC1 knockdown increased PCa cell viability and proliferation. (A) Number of colonies formed by control and SMARCC1 knockdown PCa cells. (B) Percentage of viable PCa cells treated as indicated. (C) CKI and cyclin mRNA and protein levels in the indicated groups. Relative mRNA expression levels are shown in the bar graph, and gray density values of proteins are indicated under the corresponding bands. (D) Bar graph showing the distribution of PCa cell lines in the different cell cycle stages. (E) Representative images (right panel, scale bar: 100 μm) of EDU-stained cells and bar graph showing the percentage of EDU-positive cells in the S phase. All data are presented as mean ± SEM of at least three independent experiments. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.




SMARCC1 Silencing Accelerates the Metastasis of PCa Cells by Inducing EMT

Transwell and wound healing assays showed that loss of SMARCC1 significantly increased the migration of PCa cells in vitro (Figures 3A,B). Consistent with this, SMARCC1 knockdown markedly increased the expression of mesenchymal markers, including vimentin and N-cadherin, and decreased that of E-cadherin (Figures 3C,D). In addition, EMT-related transcription factors, including Slug, Snail, and Zeb1, were also upregulated in the SMARCC1-knockdown cells (Figure 3D). In conclusion, SMARCC1 loss promoted the EMT of PCa cells, thereby inducing migration and metastasis.
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FIGURE 3. SMARCC1 knockdown induced EMT, migration and metastasis of PCa. (A) Representative images showing in vitro wound area coverage by control and SMARCC1-knockdown PCa cells (left panel; magnification 100×; Scale bar – 10 μm) and percentage of migration (right panel). (B) Representative images showing migration of PCa cells in the Transwell assay (magnification 100×; Scale bar – 50 μm) and percentage of migrating cells. (C) Representative immunofluorescence images showing E-cadherin, N-cadherin and vimentin expression in PCa cell lines (Scale bar: 100 μm). (D) Expression of EMT markers and transcription factors involved in EMT in the indicated groups. Gray density values of proteins are indicated under the correspondent bands. All data are presented as mean ± SEM of at least three independent experiments. **p < 0.01;***p < 0.001; ****p < 0.0001.




Knockdown of SMARCC1 Promotes the Growth and Metastasis of Human PCa Cells in vivo

To validate the potential impact of SMARCC1 depletion on PCa cell proliferation in vivo, PC-3/sh-SMARCC1 cells and PC-3/sh-Ctrl as well as 22Rv1/sh-SMARCC1 cells and 22Rv1/sh-Ctrl cells were injected subcutaneously in nude mice. Tumors in mice implanted with sh-SMARCC1 cells grew faster than control cells. SMARCC1 knockdown cells exhibited significantly larger tumor volume and weight than control cells (Figure 4A). H&E staining showed the histopathological features of the tumor tissues. The positive rate of proliferation mark, Ki-67, was dramatically higher in xenografts with sh-SMARCC1 cells by IHC staining (Figure 4A). These results provided evidence that SMARCC1 may be a remarkable determinant for PCa cell growth. As for tumor metastasis in vivo, a tail vein xenograft model was generated. The tumor presence was validated by histological examination. The results demonstrated that mice injected with 22Rv1/SMARCC1 shRNA cells produced more lung colonization compared to those with that of the control cells (Figures 4B,C). As shown in Figure 4D, P540S was stained to confirm the neoplasms’ histologic type and origin of lung colonization. Moreover, we also found that the SMARCC1-knockdown pulmonary tumor nodules showed significantly higher levels of the matrix metalloproteinase (MMP2) and low levels of epithelial markers including E-Cadherin and Claudin 1 (Figure 4E).
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FIGURE 4. SMARCC1 knockdown promoted tumor growth and metastasis in vivo. (A) Left panel: representative images of subcutaneous tumor xenografts in the indicated groups and scatter plots showing tumor volume and weight. Right panel: representative immunohistochemistry (IHC) images showing SMARCC1 and KI67 expression (magnification, ×200; scale bar, 20 μm) and bar graph showing the percentage of KI67+ cells. (B,C) Schematic illustration of lung metastasis model. Representative images of H&E-stained tumor nodules and scatter plots showing the percentage of lung area invaded by PCa cells in the indicated groups. (D) Representative IHC images of metastatic nodules showing the positive staining of P504S indicative of prostate origin (magnification, ×400; scale bar, 20 μm). (E) Representative IHC images of metastatic nodules showing the in situ expression of SMARCC1, MMP2, E-cadherin, and claudin1 (magnification, ×400; scale bar, 20 μm). All data were presented as mean ± SEM of at least three independent experiments. **p < 0.01; ***p < 0.001; ****p < 0.0001.




Loss of SMARCC1 Activates the PI3K/AKT Pathway in PCa Cells

SMARCC1 knockdown activated the PI3K/AKT pathway in PCa cells, as indicated by the elevated phosphorylation of Akt at ser-473 and thr-308 (Figures 5A,B). Activation of the PI3K/AKT pathway stabilizes β-catenin and promotes its nuclear translocation, wherein it regulates the transcription of target genes. Loss of SMARCC1 significantly increased the accumulation of β-catenin in the nuclear fraction of PCa cells (Figures 5C,D). Furthermore, the PI3K/AKT pathway blockade with the specific inhibitor LY294002 reversed the pro-proliferative and pro-metastatic effects of SMARCC1 knockdown (Figure 6) without completely altering the expression levels of EMT and proliferation-related factors. This indicates that the PI3K/AKT pathway may partly mediate the pro-oncogenic effect induced by SMARCC1 knockdown in PCa, and other pathways and mechanisms may also be involved (Figure 7).
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FIGURE 5. SMARCC1 knockdown activated the PI3K/AKT pathway in PCa cell lines. (A) Immunoblots showing the expression levels of phosphorylated PI3K/AKT mediators. The gray density values are indicated under the corresponding bands. (B) Representative immunofluorescence images showing the in situ expression of p-AKTser–473 in the LNCAP cell line (scale bar, 100 μm). (C) Representative immunofluorescence images showing the expression of β-catenin in the cytoplasm and nucleus of 22RV1 and PC3 cell lines (scale bar, 100 μm). (D) Immunoblots showing the expression levels of β-catenin in the cytoplasmic and nuclear fractions. The gray density values are indicated under the corresponding bands.
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FIGURE 6. PI3K/AKT pathway blockade reversed the phenotypic effect of SMARCC1 knockdown. (A) Viability rate, (B) number of colonies, (C) cell cycle distribution, and (D) Representative image of EdU for LNCAP with Sh-SMARCC1 was selected from area presented in Figure 2E for LNCAP cell line with Sh-SMARCC1. (E) Transwell assay on SMARCC1 knocked-down PCa cell lines treated with ly294002 (scale bar – 100 μm). (F) Wound healing assay on migration ability of SMARCC1 knocked-down PCa cell lines treated with ly294002. All data are presented as mean ± SEM of at least three independent experiments. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
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FIGURE 7. PI3K/AKT pathway blockade with LY294002 partially reversed the protein expression in SMARCC1 knockdown PCa cells. The gray density values are indicated under the corresponding bands.




DISCUSSION

High frequent mutations of several key epigenetic factors, including Rb1 and BRCA, have been revealed to induce an aggressive phenotype at the terminal stage of PCa and reflect a promoting effect of epigenetic dysregulation on PCa progression. As one of the core subunits, SMARCC1 belongs to the SWI/SNF complex, which functions as a key epigenetic complex on genome transcription and consists of 12–14 subunits, including adenosine triphosphatase (ATPase), core, and other accessory subunits (Reisman et al., 2009; Shain and Pollack, 2013; Hohmann and Vakoc, 2014; Alver et al., 2017; Lu and Allis, 2017; Savas and Skardasi, 2018; Lei et al., 2019). A high frequency of mutations with function loss in coding genes of the SWI/SNF complex has been identified by whole genome sequencing in various cancers, especially renal carcinoma and melanoma, implying its important role in tumor suppression (Shain and Pollack, 2013; Stachowiak et al., 2020; Tsuda et al., 2021; Wang et al., 2021; Zhou et al., 2021). Mechanistically, the loss of function of the SWI/SNF complex promotes the transcription of genes related to proliferation and dedifferentiation, impairs DNA repairs, and reduces the antagonistic effect on the PRC complex (Nagl et al., 2005; Wilson et al., 2010; Tolstorukov et al., 2013; Alver et al., 2017; Stanton et al., 2017; Aras et al., 2019; Ribeiro-Silva et al., 2019; Hu et al., 2020).

However, the role of the SWI/SNF complex is ambiguous and controversial in PCa (Deocampo et al., 2004; Hong et al., 2005; Link et al., 2005; Heebøll et al., 2008; Hansen et al., 2011; Lee and Roberts, 2013; Prensner et al., 2013). Several studies show that it promotes PCa initiation and progression by transactivating the androgen receptor (Deocampo et al., 2004; Hong et al., 2005; Link et al., 2005), but there are also reports that some subunits function as tumor suppressors (Hansen et al., 2011; Lee and Roberts, 2013; Prensner et al., 2013). For instance, the long non-coding RNA SChLAP1 promoted an aggressive PCa phenotype by antagonizing the SNF5 subunit (Lee and Roberts, 2013; Prensner et al., 2013). The effect of SMARCC1 in PCa is likewise still ambiguous and controversial. One study demonstrated the upregulation of SMARCC1 in PCa tissues relative to benign prostate tissues (Heebøll et al., 2008), whereas a retrospective study found that the positive staining of SMARCC1 in PCa tissues correlated with prolonged survival among local PCa patients (Hansen et al., 2011). In this study, we systematically elucidated the expression and role of SMARCC1 in PCa. Our findings demonstrated that SMARCC1 was significantly downregulated in PCa tissues with GS > 7, and its low expression correlated with shortened disease-free survival. In addition, silencing of SMARCC1 in PC-3, 22RV1, and LNCaP cells significantly increased cell proliferation by promoting entry into the S phase of the cell cycle and facilitated cell migration by inducing EMT. The in vivo studies using a murine model showed that SMARCC1 knocking down led to the acceleration of tumor growth and lung metastasis. These observations demonstrated the tumor-suppressive role of SMARCC1 in PCa.

Infinite proliferation is an important hallmark of tumors (Nagl et al., 2005; Hu et al., 2020). Timing of proliferation depends on the transition speed of cell cycle and is directly associated with the expression of cell cycle-related genes (Nagl et al., 2005; Carrassa, 2013; Hu et al., 2020). Cell cycle transition through different checkpoints is driven by specific cyclins and cyclin-dependent kinases (CDKs) and blocked by CKIs that inhibit cyclins and cyclin–CDK complexes (Nagl et al., 2005; Hu et al., 2020). It has been reported that component loss of the SWI/SNF complex downregulates CKIs and upregulates cyclins at the transcriptional level (Nagl et al., 2005; Hu et al., 2020). Consistent with previous reports, we found that SMARCC1 knockdown accelerated cell cycle transition and induced a hyper-proliferative phenotype in PCa cell lines by upregulating G1/S-specific protein cyclin D1/E1 but downregulating cyclin-dependent kinase inhibitors p21 and p27, implying that SMARCC1 may be a potential druggable target for cell cycle checkpoint pathway in PCa.

Subunit loss in the SWI/SNF complex induces dedifferentiation phenotype, while EMT results from dedifferentiation in cancer cells (Alver et al., 2017; Wang and Unternaehrer, 2019). Previously, studies have indicated that the subunit loss of the SWI/SNF complex may facilitate the metastasis of tumor cells by inducing EMT in colon and gastric carcinoma (Yan et al., 2014; Wang et al., 2019). EMT is triggered by transcription factors like Snail, Slug, and Zeb1 that repress the epithelial factor E-cadherin and endows the cells with greater metastatic abilities (Yan et al., 2014; Wang and Unternaehrer, 2019; Wang et al., 2019). However, it was uncertain whether the suppression of SMARCC1 would induce EMT in PCa. We, therefore, analyzed the key proteins of EMT and found that silencing of SMARCC1 resulted in a remarkably increased expression of vimentin and N-cadherin as well as a reduced expression of E-cadherin, which are considered as characteristic features of EMT.

It has been reported that the component loss in the SWI/SNF complex promotes the malignant progression of rhabdomyosarcoma and ovary carcinoma via activation of the PI3K/AKT pathway (Foster et al., 2009; Bitler et al., 2015). In PCa, activation of the PI3K/AKT pathway promotes the nuclear translocation of β-catenin, which triggers the expression of proliferation and EMT-related genes and specifically promotes tumor progression by transactivating androgen receptor and its downstream pathway (Sharma et al., 2002; Hennessy et al., 2005; Carnero, 2010; Noorolyai et al., 2019). However, the specific role of the PI3K/Akt pathway in PCa with SMARCC1 loss still needs to be investigated. Previous studies revealed the synergistic effect of the SWI/SNF complex with other epigenetic factors, including histone acetylase and Rb1, on genome transcription (Strobeck et al., 2000; Chatterjee et al., 2018), while SMARCC1 functions as a scaffold structure in the SWI/SNF complex to undertake coordination with other epigenetic factors (Chatterjee et al., 2018), even though we observed a significant upregulation of β-catenin in the nuclear fraction of PCa cells with SMARCC1 depletion in our study, indicating that the PI3K/AKT pathway mediates the pro-oncogenic effects of SMARCC1 loss. However, the PI3K/AKT inhibitor LY294002 only partially reversed these pro-oncogenic effects, which indicates the potential involvement of other epigenetic factors. Taken together, SMARCC1 may function as a tumor suppressor in PCa along with other epigenetic factors, which warrant further investigation.

In summary, the downregulation of SMARCC1 is correlated with a poor prognosis and an aggressive phenotype of PCa. SMARCC1 depletion facilitates PCa cell proliferation by promoting cell cycle progression and enhanced cell migration by EMT. In addition, SMARCC1 loss activates the PI3K/Akt signaling pathway, which plays a key role in the progression of PCa. Therefore, SMARCC1 may be a promising therapeutic target in PCa, especially for cases with low expression levels (Figure 8).
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FIGURE 8. Illustration for the pro-oncogenesis effect of SMARCC1 loss on PCa. SMARCC1 loss in PCa activates the PI3K/AKT pathway and induces the translocation of β-catenin to promote proliferation and epithelial mesenchymal transition.
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Previous studies have reported that m6a modification promotes tumor immune escape by affecting tumor microenvironment (TME). Due to the complexity of TME, a single biomarker is insufficient to describe the complex biological characteristics of tumor and its microenvironment. Therefore, it is more meaningful to explore a group of effective biomarkers reflecting different characteristics of cancer to evaluate the biological characteristics of solid tumors. Here, the immune gene CD34/CD276 with different m6A peak was obtained by m6A sequencing (MeRIP-seq) of colon cancer (CRC)clinical samples and combined with MsIgDB database, which was used to perform cluster analysis on TCGA-COAD level 3 data. The CD34/CD276 as a molecular marker for CRC prognosis was confirmed by survival analysis and immunohistochemical assay. Further bioinformatics analysis was carried out to analyze the molecular mechanism of CD34/CD276 affecting the TME through m6a-dependent down-regulation and ultimately promoting immune escape of CRC.
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INTRODUCTION

CRC is the second most common cancer in men and the third most common cancer in women worldwide. Immune evasion caused by tumor progression is the most important factor leading to the death of CRC patients (Dekker et al., 2019). While immunotherapy for cancer has been shown to have significant efficacy, only a small number of patients tend to experience clinical benefits, mainly due to the tumor immunosuppressive microenvironment (Yang et al., 2019). The tumor microenvironment (TME), which consists of extracellular matrix, myofibroblasts, cytokines, fibroblasts, neuroendocrine cells, adipocytes, immune-related cells, and blood vessels (Wang et al., 2018), induces phenotypic changes of cancer cells and immune cells through complex molecular mechanisms to promote immune escape (Kaymak et al., 2021). The crosstalk between TME and immune cells is initiated and regulated by receptors on the cell surface (Clara et al., 2020). Because of the complexity of TME, a single biomarker is not enough to describe the complex biological characteristics of a tumor and its microenvironment (Rolff et al., 2016). Therefore, exploring a group of effective biomarkers reflecting the different characteristics of cancer is more meaningful for evaluating the biological characteristics of solid tumors (Hanahan and Weinberg, 2011).

N6-Methyladenosine (m6A) is considered the most abundant internal chemical modification of human mRNA. It has an important role in tumor progression by participating in RNA processing, nuclear output, translation, degradation, and RNA-protein interaction (Van Laethem et al., 2012; Wang et al., 2014; Liu et al., 2015). Many studies have reported a correlation between TME promoting tumor immune escape and m6A modification. E.g., the low expression of m6A methyltransferase WTAP is related to the high T cell-associated immune response of gastric cancer (Lin et al., 2020; Chong et al., 2021). In the mouse CRC model, the depletion of YTHDF1 strengthens the early initiation of T cells to new tumor antigens (Han et al., 2019), but the role of m6A in cancer immunity has not been extensively explored.

Herein, we obtained the immune gene CD34/CD276 with different m6A peak by m6A sequencing (MeRIP-seq) of CRC clinical samples combined with MsIgDB database. Based on TCGA database bioinformatics analysis combined with immunohistochemical verification, we confirmed that CD34/CD276 could be used as a molecular marker for CRC prognosis and promote CRC immune escape by relying on the down-regulation mechanism of m6A modification.



MATERIALS AND METHODS


Tissue Specimen Collection

A total of 40 patients with CRC who received surgical treatment in the first department of general surgery of Yan’an Hospital Affiliated to Kunming Medical University on January 10, 2019 were selected. CRC tissues and distal paracancerous tissues were collected during the operation and stored in liquid nitrogen.

This study was approved by the Ethics Committee of our hospital. None of the patients received adjuvant chemoradiotherapy or immunotherapy before surgery, and all the tissues were pathologically confirmed as colorectal adenocarcinoma. The CRC tissues and paracancerous tissues of 10 patients were randomly selected for High-Throughput m6A Sequencing, and the CRC tissues of 40 patients were verified by immunohistochemical analysis.



High-Throughput m6A Sequencing

Total RNA was extracted using Trizol reagent (Invitrogen, CA, United States) following the manufacturer’s procedure. The total RNA quality and quantity were analyzed using a Bioanalyzer 2100 and RNA 6000 Nano LabChip Kit (Agilent, CA, United States) with RIN number >7.0. Approximately more than 25 μg of total RNA representing a specific adipose type were used to deplete ribosomal RNA according to the instructions of Epicentre Ribo-Zero Gold Kit (Illumina, San Diego, United States). Following purification, the ribosomal-depleted RNA was fragmented into ∼100-nt-long oligonucleotides using divalent cations under elevated temperature. Then, the cleaved RNA fragments were subjected to incubated for 2 h at 4°C with m6A-specific antibody (No. 202003, Synaptic Systems, Germany) in IP buffer (50 mM Tris-HCl, 750?mM NaCl and 0.5% Igepal CA-630) supplemented with BSA (0.5 μg μl–1). The mixture was then incubated with protein-A beads and eluted with elution buffer (1 × IP buffer and 6.7 mM m6A). Eluted RNA was precipitated by 75% ethanol. Eluted m6A-containing fragments (IP) and untreated input control fragments were converted to the final cDNA library in accordance with a strand-specific library preparation by the dUTP method. The average insert size for the paired-end libraries was ∼100 ± 50 bp. Next, we performed the paired-end 2 × 150 bp sequencing on an Illumina NovaseqTM 6000 platform at the LC-BIO Bio-tech Ltd. (Hangzhou, China) following the vendor’s recommended protocol.



The Expression of CD276/CD34 in CRC Tissues Was Detected by Immunohistochemistry

The paraffin sections of CRC tissues were prepared, each containing two parts of the same tumor tissue, and were baked at 60°C for 120 min for dewaxing and hydration. Antigen repair was carried out under high temperature and pressure. CD274/CD34 antibody from Abcam was used, and the sections were sealed after staining. The target area of the tissue was selected with the Eclipse CI-L photo microscope for 200-fold imaging. During imaging, the tissue was tried to fill the whole field of vision to ensure the consistent background light of each photo. After imaging, Image-Pro Plus 6.0 analysis software was used to measure the cumulative optical density (IOD) of three field positives in each section with pixel area as the standard unit, as well as the corresponding tissue pixel Area; the AREAL DENSITY = IOD/Area.



Analysis of m6A Features of Differentially Immune Genes Between CRC and Paired PCa Issues

First, Cutadapt and perl scripts in house were used to remove the reads that contained adaptor contamination, low-quality bases, and undetermined bases. Then, sequence quality was verified using Fast QC. We used HISAT2 to map reads to the genome of Homo sapiens (Version: v96) with default parameters. Mapped reads of IP and input libraries were provided for R package exomePeak, which identified m6A peaks with bed or bam format that could be adapted for visualization on the UCSC genome browser or IGV software1. MEME and HOME were used for de novo and known motif finding followed by localization of the motif with respect to peak summit by perl scripts in house. Called peaks were annotated by intersection with gene architecture using ChIPseeker. Next, StringTie was used to perform expression level for all mRNAs from input libraries by calculating FPKM {FPKM = [total_exon_fragments/mapped_reads (millions) × exon_length (kB)]}. The differentially expressed mRNAs were selected with log2 (fold change) > 1 or < −1 and P < 0.05 by R package edgeR.



Target Genes Were Obtained by Matching MeRIP-Seq Results With MSIgDB Database

MSIgDB database2 was used to obtain immune genes match MeRIP sequencing results, and get immune genes with m6A differences peak as target genes, eventually resulting in Venn diagram.



The Data Mining of Target Gene Is Based on the TCGA Database

Based on R 4.0.13, the TCGA4 Level 3 RNA sequencing data and relevant clinical information of patients were downloaded. The R package “Consensus Cluster Plus” was used to Cluster all TCGA CRC patients based on the target gene. Cumulative distribution function and consistency matrix were used to determine the optimal clustering. K-M survival curves were used to compare the survival of different clusters. The gene sets of 29 kinds of immune cells were downloaded from the MSIGDB database, and an SSGSEA score was used for 29 kinds of immune cells in each sample. Ciborsort evaluated the infiltration of immune cells in different clusters, and the infiltration of different immune cells in different stages was compared. An estimate algorithm was used to calculate tumor purity in different clusters, and classical immune checkpoint molecular expression in different clusters was compared. GSEA enrichment analysis was performed on cluster samples. Finally, the target gene, GSEA optimally enriched GO, and KEGG entry gene was uploaded to the STRING database to construct a protein-protein interaction (PPI) network. A P < 0.05 was considered statistically significant.




RESULTS


Patient Clinical Information

Among 40 patients with CRC included in the study, 18 were female with an average age of 62.39 ± 7.8 years, and 22 were male with an average age of 64.86 ± 9.44 years. There were 2 cases of TNM Stage I, 14 cases of Stage II, 12 cases of Stage II, and 12 cases of Stage IV. The detailed clinical characteristics of the subjects are shown in Table 1.


TABLE 1. Clinical characteristics of the studied patients.

[image: Table 1]


Acquire Target Gene CD34/CD276

Quality control analysis was performed on the sequencing RAW data of CRC samples, and the quality control results were shown in Supplementary Material 1. Using the peak-calling software, the R package exomePeak performed a peak scan across the whole genome and calculated the differences between the peak groups. All regions with P < 0.05 were considered as a peak, and ChIPseeker was used to annotate these peaks. Finally, 111 genes with m6A differential peaks were obtained. The 330 immune-related genes were obtained from the MSIgDB database, after which the target genes were obtained by the intersection (Figure 1).
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FIGURE 1. Expression of CD34/CD276 and m6A modification in CRC. (A) Peak statistics of clinical sequencing samples. (B) Compared with paracancerous tissues, the expression of CD276 was up-regulated in CRC tissue (P < 0.05), while the expression of CD34 did not significantly change (P > 0.05). (C) Difference m6A peak Volcano map. (D) Difference m6A peak calling. (E,F) CD34/CD276 is down-regulated m6A peak immune genes in CRC.




Correlation Between Expression of CD34/CD276 and m6A Factor

Twenty regulatory factors of m6A RNA methylation were collected from the literature, and the correlation between CD34/CD276 and their expression was analyzed using the TCGA database, test for association between paired genes, using one of Pearson’s product moment correlation coefficient, The results were filtered with P < 0.001 (Figure 2).
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FIGURE 2. The co-expression of CD34/CD276 and m6A regulator in CRC. (A) The expression level of CD34 was positively correlated with the expression of FTO, while the expression level of CD276 was positively correlated with the expression of ALKBH5. (B) The regulatory factors of m6A were classified by function.




Based on CD34/CD276, 472 CRC Samples in TCGA Were Clustered for Survival Analysis

Cluster analysis was performed on 472 patients in TCGA database using R package “ConsensusClusterPlus” according to the expression levels of CD34 and CD276, Consensus Clustering takes a subsample from a set of microarray data and determines a cluster with a specified number of clusters (k). For each k, the paired consensus values are calculated, that is, the proportion of the number of occurrences of two samples in the same subsample in the same cluster, and stored in a symmetric consensus matrix. Consensus matrices are summarized in several graphical presentations to enable users to determine a reasonable number and membership of clusters. Cluster analysis was performed on 472 patients in the TCGA database according to the expression levels of CD34 and CD276 (Consensus Cumulative Distribution Function, CDF) results show that: when k = 2, the consistency and clustering confidence reach the maximum, and survival analysis was performed on patients with different cluster samples. Kaplan-Meier method was used to estimate the survival time distribution of different clusters, which was presented in the form of survival curve to analyze the survival characteristics, and the survival curve between the two groups was tested by Log Rank, The results showed that the survival rate of Cluster1 group was higher than that of Cluster2 group (P < 0.05) (Figure 3).
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FIGURE 3. Clustering and survival analysis based on TCGA database. (A–C) The results of consistent cluster matrix, cumulative distribution function curve, and relative change of area under the curve showed that the expression of CD34/CD276 could be divided into two types of CRC samples. (D) K-M survival curve showed that patients with Cluster1 showed higher survival ability than those with Cluster2 (P < 0.05). (E) Compared with Cluster1, the expression of CD34/CD276 was up-regulated in Cluster2 (***P < 0.001).




The Immune Assessment Was Conducted for Different Cluster Samples

Twenty-nine immune-related genes were collected from the MSIgDB database to construct GMT files, and R package “GSVA” was used to evaluate the immunity of each tumor sample and then the enrichment scores were calculated. After normalizing the results, R Package “limma” was used for difference comparison and heat map display. The results showed that the immune score of Cluster1 group was lower than that of Cluster2 group (P < 0.05), Cluster1 was the group with low immune score (Immunity_L) and Cluster2 was the group with high immune score (Immunity_H) (Figure 4).
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FIGURE 4. The immune components of different clusters were evaluated. (A) The results of SSGSEA showed that the low expression of CD34 and CD276 in the Cluster1 group was the low immune score group, while the high expression of CD34 and CD276 in the Cluster2 group was the high immune score group (*P < 0.05, **P < 0.01, ***P < 0.001). (B) The immune cell composition of Cluster1 and Cluster2 was further analyzed using the Ciborsort R package. The results showed that in Cluster2, the ratio of activated memory T cellsCD4 and dendritic resting cells was lower than that in Cluster1 (*P < 0.05, **P < 0.01), while the ratio of regulatory T cells was relatively higher in Cluster1 (*P < 0.05, **P < 0.01, ***P < 0.001). (C,D) The infiltration level of activated memory T cellsCD4 was negatively correlated with CRC TNM stage, the infiltration level of T cells (Tregs) was positively correlated with tumor TNM stage (*P < 0.05). (E) There was no significant difference in the expression of immune checkpoint PDL1 and SiGLEC15 between the groups with high and low immune scores (P > 0.05); the expression levels of TIGIT and CTLA4 were up-regulated in the group with high immune scores, and the expression levels of HAVCR2 and LAG3 were significantly up-regulated in the group with high immune scores (*P < 0.05, **P < 0.01, ***P < 0.001).




Immune Microenvironment Assessment of Different Cluster Samples

The “Estimate” R package (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) was used to evaluate the tumor immune microenvironment (Gene expression score of Stromal cells) and tumor purity of different groups, The results showed that compared with the Immunity_L group, the purity of tumors in the Immunity_H group was significantly decreased (P < 0.001) and the content of stromal cells was increased (P < 0.05) (Figure 5).
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FIGURE 5. (A) Compared with the low immune score group, high immune array Stromal Score, Immune Score, ESTIMATE Score were higher (*p < 0.05; **p < 0.01; ***p < 0.001). (B) Compared with the low immune score group, the tumor purity of the high immune array was significantly reduced (***P < 0.001).




GSEA Enrichment Analysis Was Performed for Different Cluster Samples and Building of PPI Network

GSEA enrichment analysis was performed on tumor samples based on cluster grouping, according the normalized enrichment score (NES) and the estimated probability that the normalized enrichment score represents a false positive finding (FDR), the optimal enrichment KEGG pathway was obtained, and genes contributing to the optimally enriched KEGG signaling pathway were selected for protein-protein interaction analysis with CD34/CD276 through STRING online database, Maximal Clique Centrality (MCC) method was used to calculate the top 10 key proteins in the PPI network (using CytoHubba plug-in of Cytoscape software) (Figure 6).
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FIGURE 6. GSEA enrichment analysis and PPI network. (A–D) According to both FDR and NES as screening conditions, ECM receptor interaction, glycosaminoglycan biosynthesis chondroitin sulfate, and Cell adhesion molecules (CAMS) are the best KEGG enrichment items. (E) The string online database was used to construct a PPI network for all genes in the optimally enriched KEGG signaling pathway (high confidence = 0.7). (F) MCC method was used to calculate the top 10 key proteins in the PPI network. (G) The molecule that acts directly with CD34/CD276.




Immunohistochemistry Was Used to Evaluate the Correlation Between CD34/CD276 Expression and CRC

The expression of CD34/CD276 in 40 CRC samples was measured by using the immunochemical test. The results showed that the expression of CD34/CD276 was detected in all samples, and the level of CD34/CD276 was significantly reduced in stage I and II compared with that in stage III and IV (P < 0.001) (Figure 7).
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FIGURE 7. (a) The expression of CD34 in CRC tissues was detected by immunohistochemistry, upper left:stage I, upper right:stage II, left lower:stage III, lower right:stage IV. (b) The expression of CD276 in CRC tissues was detected by immunohistochemistry, upper left:stage I, upper right:stage II, left lower:stage III, lower right:stage IV. (c) Compared with stage I and II, CD34 expression was significantly up-regulated in stage III and IV (***P < 0.001). (d) Compared with stage I and II, CD276 expression was significantly up-regulated in stage III and IV (***P < 0.001).





DISCUSSION

In this paper, we revealed that the immune gene CD34/CD276 could be combined as a group of molecular markers for the prognosis of CRC. We also analyzed the signal pathway and molecular mechanism of immune escape of CRC by down-regulation of m6A modification.

Many studies have reported a close relationship between the dynamic changes of M6A modification and tumor immune escape. Our results showed that in CRC, the immune gene CD34/CD276m6A modification was significantly down-regulated, the expression of CD276mRNA was up-regulated, while the expression of CD34mRNA showed no significant change. Further bioinformatics analysis based on the TCGA database revealed that cluster analysis of tumor samples based on CD34/CD276 mRNA expression could well predict the survival status of patients. CD34 antigen is a kind of cell surface glycoprotein belonging to the one-way transmembrane protein family, which is usually regarded as a marker of hematopoietic progenitor cells and has been previously used in cell therapy of various blood diseases (Hsieh et al., 2020). The evolutionary conservation of its gene sequence and protein structure in many species highlights the relevance. So far, this molecule has an important role in various cellular processes, including cell adhesion, signal transduction, and maintenance of progenitor phenotype (Inda et al., 2007; Sidney et al., 2014). However, understanding the origin of molecular development, immune regulation, and other related functions is far from complete (Díaz-Flores et al., 2020). CD276 is a new member of the B7 family of costimulatory molecules (Sun et al., 2013). It is considered as an immune costimulatory/inhibitory factor regulating the interaction between tumor and immune system (Arigami et al., 2010). The ligand of CD276 and its immunomodulatory effect have not been fully determined (Stodden et al., 2008). Although CD34/CD276 is widely expressed in mRNA in CRC, the expression of the protein is limited in steady-state, which indicates that there is an important post-transcriptional or post-translational regulatory mechanism (Kraan et al., 2014; Picarda et al., 2016; Kapoor et al., 2020). Our study confirmed that the expression of CD34 was positively correlated with FTO expression, while the expression of CD276 was positively correlated with the expression of ALKBH5. FTO/ALKBH5 was confirmed as the key “eraser” of m6A (Huang et al., 2020). The m6A modification site of CD34 is located at 3UTR, which may be related to its stability, translation, nuclear output, and cellular localization (Ke et al., 2015; Yue et al., 2018), while the m6A modification site of CD276 is located at 5UTR. It is possible that the down-regulation of m6A modification affects its ability to translate or bind to a specific RBA binding protein (RBP) (Bugaut and Balasubramanian, 2012).

The ssGSEA analysis of tumor samples with high and low expression of CD34/CD276 showed that the tumor samples with high expression of CD34/CD276 had a higher immune score, and ssGSEA was a single sample GSEA algorithm. For each sample, the immune score based on ssGSEA was obtained using immune-related gene signature and expression data. Nonetheless, the high immune score could not inhibit tumor growth, but it promoted tumor immune escape. This partly explains the lower viability of patients with high immune scores. CIBERSORT is a widely used method for high-throughput characterization of tumor-infiltrating immune cells from complex tissues (Chen et al., 2018). The temporal and spatial distribution of immune cells in the stroma around the tumor strongly affects the prognosis and treatment response. Nevertheless, this is related to the type of infiltrating immune cells because it is regulated by the unique immune editing mode of the tumor (Dunn et al., 2002). The infiltration level of regulatory T cells (Tregs) was up-regulated in the group with high expression of CD34/CD276. In TME, Tregs can be induced and differentiated by traditional T cells with a strong immunosuppressive function and promote the occurrence and development of tumors, which is the key factor of tumor immune escape (Li et al., 2020). On the other hand, the infiltration of activated memory Tcells CD4 (CD4+T cells), which promote tumor immunity, is down-regulated. CD4+T cells themselves are not the main immune subtypes of treatment, but the participation of CD4+T cells is also related to the production of effective anti-tumor response (Tay et al., 2021). Previous studies in mouse models have shown that effective response of CD8+T cells to MHCII-negative tumors requires the “helper function” of CD4+T cells. CD4+ helper T cells can inhibit the expression of inhibitory receptors in CD8+T cells and are essential for the formation of functional CD8+ memory T cells (Zhai et al., 2020). We also confirmed that the invasion of activated memory T cellsCD4 was negatively correlated with the TNM stage of CRC, while Tregs was positively correlated, which indicated that the dynamic changes of activated memory Tcells CD4 and Tregs are the key factors affecting the immune escape of CRC. In addition, we also evaluated the expression of immune checkpoints in both groups, where LAG3, HAVCR2, CTLA4, and TICIT were up-regulated in the group with high expression of CD34/CD276 (Wilky, 2019; He and Xu, 2020), which further confirmed that the high expression of CD34/CD276 drives immune escape in CRC.

The high content of unknown mixtures still limits the practicability of evaluating tumor-infiltrating immune cells. Estimate, also known as “estimating stroma and immune cells of malignant tumors using expression data,” is an algorithm for describing TME. The algorithm infers the infiltration of stromal cells and immune cells and evaluates tumor purity (Yoshihara et al., 2013). We found that the microenvironment score, matrix score, and immune score were higher, the tumor purity was significantly decreased, and the matrix content was increased in the group with high expression of CD34/CD276. This suggests that the high expression of CD34/CD276 may promote a more complex tumor extracellular microenvironment, thus promoting the immune escape of CRC, which is consistent with the best KEGG pathway for GSEA enrichment analysis. ECM receptor interaction, glycosaminoglycan biosynthesis chondroitin sulfate, and cell adhesion molecules (CAMs) signaling pathways may be the potential mechanisms of CD34/CD276 promoting immune escape of CRC. Tumor progression is characterized by dense collagen matrix accumulation and dynamic reorganization necessary to adapt to the growing invasive mass (Yamauchi et al., 2020).

In TME, T cells need to compress their nuclei in order to migrate to the sclerotic matrix, affecting gene expression, and cell mobility. In addition, nuclear compression caused by matrix stiffness leads to multiple damages to the nucleus and cell membrane during a forced passage, which eventually leads to T cell death. Intact extracellular matrix (ECM) structure and interstitial components are powerful tools for predicting the efficacy of cancer treatment (Hallmann et al., 2015; Meurette and Mehlen, 2018). ECM is a collection of interacting molecules, which is mainly composed of collagen, fibronectin, and elastin that form a matrix fiber network, and are also composed of hyaluronic acid (HA), tendon proteins, and glycoproteins containing glycosaminoglycan (GAG), thus affecting cell behavior and biomechanical and biochemical properties of the matrix (Pudełko et al., 2019; Le et al., 2020). Because cell adhesion receptors are connected to signal transduction pathways, these cell-cell interactions with ECM regulate cell phenotype, proliferation, differentiation, survival, and migration. Therefore, the changes in the expression of cell adhesion molecules and their ligands directly affect immune escape and metastasis. The abnormal expression of adhesion molecules can prevent the immune system from touching the whole tumor, a process known asendothelial anergy. This is an effective mechanism used by tumors to prevent immune cells from metastasizing to the tumor site (Darby et al., 2014; Nadanaka et al., 2018; Harjunpää et al., 2019; Läubli and Borsig, 2019; Druzhkova et al., 2020). Chondroitin sulfate (CS), as a representative sulfated glycosaminoglycan (GAG), participates in tumor immune regulation by binding to various cytokines and growth factors, cell surface receptors, adhesion molecules, enzymes, or fibrous glycoproteins in ECM, such as direct interaction with Toll-like receptors in the TME, and mediated macrophage activation. Binding to IL-8 can protect chemokines from proteolysis to stimulate angiogenesis while binding to various types of collagen can promote participation in immune cell adhesion and chemotaxis (Jalkanen and Jalkanen, 1992; Tazzyman et al., 2013; Silver and Silver, 2014; Wu et al., 2018).

We also used an online string database to construct a PPI network for genes in the optimal enrichment pathway and label 40 genes of core nodes for further exploration. While constructing the PPI network, we added CD34/CD276 gene to further evaluate its synergism. Our results showed a direct interaction between CD34/CD276 and ITGAM, CD40, IGTA3, CTLA4, ICAM1, VWF, SELL, HLA-G, and PDCD1. As an important immune checkpoint, CTLA4 has been confirmed to be significantly up-regulated in the group with high expression of CD34/CD276. This also suggests that CD34/CD276 has a synergistic effect on promoting immune escape of CRC. Finally, we further confirmed the clinical relationship between CD34/CD276 protein and CRC by IHC.



CONCLUSION

In conclusion, through the clinical sample MeRIP-seq combined with MsigDB database and TGCA database data mining, we determined that CD34/CD276 can be combined as a molecular marker for predicting the viability inpatients with CRC, which may promote the immune microenvironment remodeling of CRC and ultimately promote immune escape by relying on the down-regulation of m6A modification. Although the molecular mechanism still needs to be verified by additional experiments, our findings provide a new insight into m6A modification for promoting the immune escape of CRC. Our results can provide new clues for the mechanism of CRC progression.
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Gastric cancer (GC), as a common gastrointestinal tumor, is an important cause of death from cancer all around the world. Long non-coding RNAs (lncRNAs), a novel class of transcripts, have attracted great attention of researchers. However, the mechanisms of the clinical significance of most lncRNAs in human cancer are mainly undocumented. This research desires to explore the clinical significance, biological function, and mechanism of Lnc_ASNR (apoptosis suppressing-non-coding RNA) in GC. Cell proliferation, cell cycle, cell migration, and invasion abilities were respectively determined by 3-(4,5)-dimethylthiahiazo (-z-y1)-3,5-di-phenytetrazoliumromide (MTT), flow cytometry, wound healing, and Transwell assay (Sigma-Aldrich, St. Louis, MO, United States). The association of Lnc_ASNR, miR-519e-5p, and fibroblast growth factor receptor 2 (FGFR2) was evaluated via luciferase reporter experiments. The tumor xenograft assay was conducted to confirm the results of cell experiments. High expressed Lnc_ASNR was detected in both GC cells and tissues using qRT-PCR. Downregulated Lnc_ASNR could reduce proliferation, migration, and invasion in GC cells, while upregulated Lnc_ASNR could promote the cell proliferation, migration, and invasion. Moreover, the effect of Lnc_ASNR on migration and invasion ability is closely related to epithelial-mesenchymal transition (EMT). The bioinformatics analysis, luciferase assay, and Western blot demonstrated that Lnc_ASNR inhibited miR-519e-5p expression but increased FGFR2 expression. Lnc_ASNR and FGFR2 were both targeted to miR-519e-5p, and they were negatively correlated with the expression of miR-519e-5p. All investigations indicated that Lnc_ASNR functioned as a ceRNA targeting miR-519e-5p and facilitated GC development by regulating the pathway of miR-519e-5p/FGFR2.

Keywords: gastric cancer, long non-coding RNA, Lnc_ASNR, proliferation, invasion, migration


INTRODUCTION

Gastric cancer (GC) is a prevalent malignant tumor around the world with the sixth incidence rate and second mortality rate, which seriously affects human health (Bray et al., 2018). The advanced diagnosis and therapy of GC has achieved development in recent years. However, many limitations existed that hinder the effectiveness of GC treatment. The early symptoms of most GC patients are not obvious, and diagnosis delay becomes the main obstacle of GC treatment and prognosis. The combination of gastroscopy and biopsy is the universally recognized gold standard for GC diagnosis (Virgilio et al., 2017; den Hollander et al., 2019). However, its application in GC screening is still limited because it is not easy to be accepted by patients due to the invasiveness and high cost. At present, the most commonly used tumor biomarkers in clinical are insufficient to completely replace biopsy, so it is of great significance to explore more specific and sensitive biomarkers for early diagnosis of GC to improve the clinical treatment effect.

Long non-coding RNA (lncRNA) is an RNA molecule with a length between 200 and 100,000 nucleotides (nt), which can be transcribed independently. lncRNA is molecularly similar to mRNA, but there is no identifiable potential to encode functional proteins (Ulitsky, 2016). Researchers confirmed that lncRNA contains a significant biological function among several diseases (Montes et al., 2021; Zhang F. et al., 2021; Zhang Y. et al., 2021; Zhu et al., 2021). It is related to tumor development, chemotherapy sensitivity, and prognosis and especially plays a vital role in the resistance of multiple tumor chemotherapy drugs, especially in GC (Zhang and Wang, 2021), prostate cancer (Shang et al., 2019), and pancreatic cancer (Zhou et al., 2020). The expression of lncRNA is abnormal in a wide range of cancers. lncRNA demonstrates an essential influence in facilitating and inhibiting cancer occurrence and development, which proves its clinical potential as a biomarker and therapeutic target (Kim et al., 2018; Ramnarine et al., 2019; Wang Y. L. et al., 2019; Olivero et al., 2020). Recent findings indicated that lncRNA can interact with proteins, RNA, and lipids, thereby producing cancer signal transduction (Lin and Yang, 2018). In addition, lncRNAs, as competing endogenous RNAs (ceRNAs) or microRNA sponge, can regulate expression by competitively binding to microRNA (Song et al., 2017; Sun et al., 2017; Huang et al., 2019). Researchers have found that most lncRNAs are upregulated or downregulated expressly in tissues and serum plasma of patients with GC (Zhang et al., 2018; Wang C. J. et al., 2019; Guo et al., 2020; Yuan et al., 2020). Therefore, lncRNA can be used as a potential tumor marker for GC diagnosis.

Lnc_ASNR (non-coding RNA that inhibits apoptosis) is a nuclear-reserved lncRNA. Lnc_ASNR located in the chr14-q22.2 region is a newly discovered lncRNA associated with cancer and other diseases. Compared with normal tissues, Lnc_ASNR expression is significantly increased in four tumor tissues. Chen’s group (Chen et al., 2016) has found that Lnc_ASNR promotes the reduction of cytoplasmic AUF1 levels and inhibits AUF1-mediated degradation of Bcl-2 mRNA in colon cancer RKO cells, which leads to high expression of Bcl-2 and significantly inhibits cell apoptosis. However, the role and mechanism of Lnc_ASNR in tumorigenesis and development are unclear, which suggested that the study of the impact of Lnc_ASNR on tumors remains to be explored. Herein, we first evaluated whether Lnc_ASNR changes in the expression of lncRNA in GC and further clarified the biological function of Lnc_ASNR and the molecular mechanism that regulates the occurrence and development of GC. The research results help to identify important molecules that effectively regulate the occurrence and development of GC, which will provide a theoretical basis for clinical molecular diagnosis of GC and the development of targeted drugs. Our results exhibit important scientific significance and potential clinical application value for improving patient prognosis and enhancing survival rate.



MATERIALS AND METHODS


Clinical and Histologic Evaluation of Human Tissues

In this study, 76 paired tumor tissues and adjacent non-tumor tissues were collected from GC patients at the Fourth Hospital of Hebei Medical University from 2017 to 2020. The GC diagnosis was histopathologically confirmed. Clinical pathological features, including gender, age, tumor-node-metastasis (TNM) staging, and tumor size, were summarized. None of them received preoperative treatment, including chemotherapy or radiotherapy. After obtaining the tissues, the samples were immediately placed in liquid nitrogen and then stored at −80°C. The research was approved by the Research Ethics Committee at the Fourth Hospital of Hebei Medical University (Shijiazhuang, China). All patients were informed and gave their consent.



Cell Culture

Four GC cell lines (MKN45, MKN28, AGS, and HGC27) and gastric mucosal epithelial cell (GES-1) were purchased from the Cell Bank of the Chinese Academy of Sciences (Shanghai, China). All cells were cultured in Roswell Park Memorial Institute (RPMI) 1640 medium (GIBCO, Thermo Fisher Scientific, Waltham, MA, United States) containing 10% fetal bovine serum (FBS) (BI), 100 U/ml penicillin, and 100 mg/ml streptomycin (Invitrogen, Thermo Fisher Scientific) at 37°C with 5% CO2.



RNA Extraction and Quantitative Real-Time PCR

RNAiso Plus (TaKaRa, Tokyo, Japan) was utilized to extract total RNA from cells and tissue samples according to manufacturer’s information. The OD260/OD280 ratio ranging from 1.9 to 2.1 tested by UV spectrophotometer is qualified. Reverse transcription polymerase chain reaction was performed by LnRctue lncRNA First-Strand cDNA kit (TIANGEN, Beijing, China) and LnRctue lncRNA qPCR kit (SYBR Green) (TIANGEN) for quantitative real-time PCR (qRT-PCR) according to manufacturer’s information. ABI 7500 real-time PCR system (Applied Biosystems, Waltham, MA, United States) was utilized to conduct qRT-PCR and collect data. GAPDH was used as a loading control. Our qRT-PCR results were analyzed and expressed relative to threshold cycle (Ct) values, and then converted to fold changes. The specific primer sequences used in our study are provided in the Supplementary Table 1.



Vector Construction and Transfection and siRNA Transfection

Based on manufacturer’s information, Lipofectamine 2000 (Invitrogen) was used to transfect plasmid vectors and siRNAs into GC cells. The plasmid vector pcDNA3.1 used for Lnc_ASNR overexpression in MKN28, the siRNA (three individual ASNR siRNAs) used for Lnc_ASNR knockdown in MKN45 cells, miR-519e-5p inhibitor, and miR-519e-5p mimics, and the negative control (vector or NC) were obtained from Invitrogen. To upregulate ASNR, the coding sequence was increased based on the manufacturer’s instructions and subcloned into the pcDNA3.1 (+) vector (Invitrogen). Then Lipofectamine 2000 (Invitrogen) was used to transfect MKN28 cells with a negative control vector or a ASNR-expressed plasmid. In order to downregulate ASNR, Lipofectamine 2000 (Invitrogen) was utilized to transfect MKN28 cells with the target sequence of negative control siRNA. After being transfected for 48 h, cells were obtained for qRT-PCR and Western blot experiments. The siRNA sequences used in our study are provided in the Supplementary Table 2.



Lentiviral Infection

The MKN45 cell suspension was seeded onto a six-well plate at concentration of 3 × 104 cells/well, and the cells were grown to a density of 20%. We have created two different groups, sh-ASNR transfected with shASNR green fluorescent protein (GFP) lentivirus and shNC (GENECHEM) transfected with empty GFP lentivirus, respectively. An appropriate amount of lentivirus was added according to the differences in infection (MOI = 20). After 3 days of transfection, a fluorescence microscope was used to observe GFP-tagged gene expression. Cells with transfection efficiency > 80% were selected for further analyses.



Cell Proliferation Assays

The cell viability of MKN45 cells transfected with si-ASNR and MKN28 cells transfected with pcDNA3.1-ASNR was evaluated via MTT Cell Proliferation and Cytotoxicity Assay Kit (Solarbio, Beijing, China) based on the manufacturer’s guidance. Transfected MKN-45 cells and MKN28 cells (5 × 104/well) were incubated with MTT (20 μl/well) at 37°C for 4 h. Next, DMSO was added and mixed for 10 min to ensure the crystals were dissolved. The optical density value was measured at the absorbance 570 nm under Thermo Scientific Microplate Reader Multiskan MK3 (Thermo Fisher Scientific).



Flow Cytometry for Cell Cycle Analysis

si-ASNR- or si-NC-transfected MKN45 cells and pcDNA3.1-ASNR- or blank vector–transfected MKN28 cells were obtained after 48 h of transfection by Lipofectamine 2000 (Invitrogen). Next, the cells were dyed with propidium iodide (PI) utilizing the DNA content quantitative measurement method (cell cycle) (Solarbio) and detected via FACScan. Calculate and compare the percentage of cells in G0/G1, S, and G2/M phases.



Wound-Healing Assay

To conduct the wound healing experiment, 3 × 105 cells were seeded into six-well plates and cultured overnight. Cells were transfected with pcDNA3.1-ASNR, si-ASNR, and si-NC, respectively. When the cultured cells reached a density of 90%, a sterile 10-ml disposable pipette tip was used to produce uniform scratches. The cells were then grown in a medium containing 1% FBS for 48 h. At indicated time points, a microscope was used to obtain images of the plate (Olympus, Tokyo, Japan). Meanwhile, scratch area and wound-healing percentage were calculated. The experiment was repeated three times in parallel.



Cell Migration and Invasion Assays

si-ASNR- or si-NC transfected MKN45 cells and pcDNA3.1-ASNR-transfected MKN28 cells were harvested after 48 h of transfection and then collected. Twenty-four-well Transwell plates (8 μm pore size) (Corning Inc, Corning, NY, United States) were applied for cell migration and invasion assays. Briefly, 50 μl of Matrigel was placed into the Transwell upper chambers (Sigma-Aldrich). Cells (1 × 105) suspended in 100 μl of serum-free culture medium were seeded into the upper chambers. Added RPMI 1640 culture medium supplemented with 10% FBS into the wells under the chamber. The cells were cultured in the medium for 48 h at 37°C with 5% CO2. Then, a cotton swab was utilized to wipe away the remaining cells on the membrane. Cells migrated or invaded through the membrane were stained with methanol and 0.1% crystal violet. Cells were then imaged and counted using an IX71 inverted microscope (Olympus). Five random fields were counted in each well. The experiment was repeated three times in parallel.



Western Blot Assay and Antibodies

Radio immunoprecipitation assay (RIPA) protein lysis buffer (Solarbio) supplemented with protease inhibitor cocktail (Roche, Basel, Switzerland) and phenylmethylsulfonyl fluoride (Roche) was applied for protein extraction. The proteins concentration was evaluated through a BCA Protein Assay Kit (Solarbio). Ten percent sodium dodecyl sulfate–polyacrylamide gel electrophoresis (SDS-PAGE) was used to detach protein extracts (50 μg). The protein extracts were transferred to 0.22 mm polyvinylidene fluoride membranes (Sigma), then incubated with specific antibodies. ECL chromogenic substrate was applied to evaluate the specific bands. The specific bands were then quantified by densitometry (Quantity One software, Bio-Rad) with β-actin used as a control. All antibodies (1:2,000 dilutions) were purchased from Abcam (Cambridge, United Kingdom).



Luciferase Reporter Assay

The 3′-UTR of human FGFR2 or Lnc_ASNR was amplified from human genomic DNA and individually inserted into a pGL3-basic vector (Promega, Madison, WI, United States). The fragment of FGFR2 or lncRNA-ASNR 3′-UTR mutant was then inserted into the pGL3-basic vector (Promega) control vector at the same position. To perform the reporter experiments, transfect MKN45 cells with wild-type or mutant reporter plasmid and miR-519e-5p mimic by Lipofectamine 2000 (Invitrogen). After 36 h of transfection, the luciferase activities and the firefly luciferase vitalities were detected under Dual-Luciferase® Reporter Assay System (Promega). They were normalized based on Renilla luciferase activity.



Immunohistochemistry

Formalin and paraffin were used to fix and embed the isolated tumor tissues, respectively. The tissue examples were then cut into 5 mm thick. Immunochemical staining was performed following the standard protocol. Tumors from mice were immunostained for H&E, Ki67. Inverted microscope (Nikon, Tokyo, Japan) was applied to capture the staining intensities of Ki67, and ImageJ software was used to analyze the data. Anti-Ki67 (1:50) was purchased from Roche.



Xenograft Study

All experiments were approved by the Committee on the Ethics of Animal Experiments of Hebei Medical University. The investigations were conducted strictly on the basis of the recommendations in the Guide for the Care and Use of Laboratory Animals of the National Institutes of Health. MKN45 cells were stably infected with control shRNA or sh-ASNR using lentiviruses. GC cells were injected into either side of the armpit regions of the male BALB/c nude mice. The mice (4–5 weeks old) were randomly divided into two groups (n = 6/group). Tumor volumes and weights were measured every 3 days, and tumor volumes were measured regularly. Calculate as the equation: V = 0.5 × D × d2 (V, volume; D, longest diameter; d, diameter perpendicular to the longest diameter). After 16 days of treatment, mice were killed and tumors were excised. As mentioned earlier, H&E and IHC staining were performed on tumor tissues. The shRNA sequences used in our study were provided in the Supplementary Table 3.



Statistical Analysis

All experimental data analyses were carried out using Student’s t-test and one-way ANOVA (GraphPad Prism 8). All data were presented as mean ± SD. The clinical correlations between two genes were analyzed by linear regression. The interrelation between the expression of ASNR and the clinical features in GC was confirmed by Fisher’s exact test. Impact of variables on survival was evaluated by univariate and multivariate Cox proportional hazard models. Overall survival (OS) rates were determined via Kaplan–Meier method. P < 0.05 was regarded as statistical significance.



RESULTS


Lnc_ASNR Is Highly Expressed in GC and High Level of Lnc_ASNR Predicts Poor Prognosis

Lnc_ASNR was highly expressed in the GC tissues by analyzing their expression level in the TCGA datasets and GTEx datasets through using GEPIA2 online web tool1 (Figure 1A). To determine Lnc_ASNR expression in GC tissues, real-time PCR was carried out in GC tissues and adjacent normal tissues. The result exhibited that Lnc_ASNR expression was obviously increased in GC tissue (Figure 1B). Those results together indicated that Lnc_ASNR was highly expressed in GC tissue. In addition, we also measured Lnc_ASNR expression in GES-1, MKN28, AGS, MKN45, and HGC27 cells. As shown in Figure 1E, Lnc_ASNR expression in the GC cell lines was obviously higher than that in the GES-1 cell. Compared with the highly differentiated cell line MKN28, the Lnc_ASNR expression was higher in the lowly differentiated cell line MKN45 (Figure 1E).
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FIGURE 1. High expression of Lnc_ASNR in GC tissue samples and cell lines. (A) Lnc_ASNR expression was analyzed by using GEPIA2 in GC tissues and normal tissues. (B) qRT-PCR was applied to indicate the expression of Lnc_ASNR in GC tissue samples and adjacent non-tumor tissue samples (n = 76). (C) Overall survival and disease-free survival were analyzed using GEPIA2. (D) Kaplan–Meier analysis showed the relationship between Lnc_ASNR expression and overall survival time of GC patients. (E) qRT-PCR showed the expression of Lnc_ASNR in the normal cell line and GC cell lines. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


To evaluate the clinical significance of Lnc_ASNR overexpression in GC, we explored the expression of Lnc_ASNR in 76 patients with GC and evaluated their relationship with clinicopathological features. Median expression level was considered to be the key value. Tissues were grouped into low expression group with 36 samples and high expression group with 40 samples. As indicated in Table 1, high Lnc_ASNR levels was significantly associated with larger tumor size (p = 0.012), depth of invasion (p = 0.008), lymph node metastasis (p = 0.001), and TNM stage (p = 0.018). In contrast, no obvious association was found between Lnc_ASNR expression and other features including gender (p = 0.921) and age (p = 0.235). Correlation between Lnc_ASNR expression level and prognosis of GC patients was evaluated. According to the upper and lower quartiles of Lnc_ASNR expression, patients are divided into high-expression and low-expression groups. It was found that the expression of Lnc_ASNR affected the survival rate of the patient using GEPIA2 web tool. The overall survival (OS) and disease-free survival (DFS) of the low ASNR group were better than the high ASNR group (Figure 1C). It could be confirmed from Kaplan–Meier survival analysis that Lnc_ASNR highly expressed patients exhibited shorter OS, compared with Lnc_ASNR lowly expressed patients (Figure 1D). In addition, univariate survival analysis showed OS of patients were significantly correlated with that tumor size, infiltrating depth, Lauren classification, tissue differentiation, TNM stage, and Lnc_ASNR expression levels (Table 2). These factors were further evaluated by multifactor Cox regression analysis, indicating that Lnc_ASNR expression level and tissue differentiation are independent prognostic factors for patients (Table 3).


TABLE 1. Association of Lnc_ASNR expression with clinicopathological features of gastric cancer.
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TABLE 2. Univariate analysis of prognostic factors in 76 patients with gastric cancer.
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TABLE 3. Multivariate analysis of prognostic factors in 76 patients with gastric cancer.
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Knockdown of Lnc_ASNR Inhibits While ASNR Overexpression Promotes GC Cell Proliferation, Migration, and Invasion

We hypothesized that Lnc_ASNR may act as an oncogene, based on the increased expression of Lnc_ASNR in GC. Therefore, siRNA was used to downregulate the expression of Lnc_ASNR in MKN45 cells. qRT-PCR was used to verify knockdown efficiency of siRNA, and siRNA3 was chosen for subsequent experiments because of the highest knockdown efficiency (Figure 2A). Cell proliferation assay (MTT) results showed that silencing Lnc_ASNR inhibited the proliferation of GC cells (Figure 2B). It could be seen from the flow cytometry analysis that when Lnc_ASNR was silenced, the percentage of cells in G0/G1 phase would increase, while the percentage of cells in S phase would decrease (Figure 2D). The wound-healing assay and Transwell assay data suggested that compared with the control group, the si-Lnc_ASNR group significantly reduced the number of cells that migrated and invaded (Figure 2E).


[image: image]

FIGURE 2. Silenced Lnc_ASNR inhibits GC cell proliferation, migration, and invasion. (A) qPCR showed the silence efficiency of Lnc_ASNR siRNAs. (B) MTT experiments detected the cell viability of MKN45 cells after treatment with Lnc_ASNR siRNA or control siRNAs. (C) qPCR and western blot assays showed PCNA mRNA and protein levels in si-Lnc_ASNR transfected MKN45 cells. (D) Flow cytometry was applied to verify cell cycle in MKN45 cell lines and qPCR and western blot assays were conducted to evaluate the cycle-related mRNA and protein levels. (E) The migration ability with Lnc_ASNR-silenced MKN45 cells was detected by wound-healing assay. The invasion ability was detected by invasion assay with Lnc_ASNR-silenced MKN45 cells. (F) The expression of metastasis-related mRNA and proteins with Lnc_ASNR-silenced MKN45 cells were investigated by performing qPCR and western blot assays. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


To deeply verify whether Lnc_ASNR is related to GC, the expression of related mRNA and protein was evaluated by performing qRT-PCR and Western blot experiments. We found that both the mRNA and protein expression of PCNA, cell proliferation marker gene, was decreased (Figure 2C). Both mRNA and protein expression levels of cyclin A, cyclin D1, and cyclin E were decreased, while P21 and P27 expression levels were increased in the cells transfected with siRNA (Figure 2F). Furthermore, the mRNA and protein expression levels of MMP2, MMP9, and ICAM1, cell invasion- and migration-related gene, were decreased, while TIMP1, TIMP2, and NM23 were increased (Figure 2F).

Contrary to the results of silencing Lnc_ASNR, overexpression of Lnc_ASNR facilitated the proliferation, migration, and invasion of MKN28 cells (Figures 3A–F).
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FIGURE 3. Lnc_ASNR overexpression promotes GC cell proliferation, migration, and invasion. (A) qPCR detected overexpress efficiency of pcDNA3.1-Lnc_ASNR. (B) MTT assays examined the cell viability of MKN28 cells after treatment with pcDNA3.1-Lnc_ASNR or vector. (C) PCNA mRNA and protein level in pcDNA3.1-Lnc_ASNR-transfected MKN28 cells were evaluated by carrying out qPCR and western blot assays. (D) Cell cycle was verified by using flow cytometry in MKN28 cell lines and cycle-related mRNA and protein level were evaluated by qPCR and western blot assays. (E) The migration ability with Lnc_ASNR-overexpressed MKN28 cells was detected by wound-healing assay. The invasion ability was detected by invasion assay with Lnc_ASNR-overexpressed MKN28 cells. (F) The expression of metastasis-related mRNA and proteins with Lnc_ASNR overexpressed MKN28 cells were investigated by performing qPCR and western blot assays. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.




Lnc_ASNR Influences GC Cell EMT

We found that cell migration and invasion are closely related to Lnc_ASNR levels. Since epithelial-mesenchymal transition (EMT) is a key step that contributes to tumor metastasis, we evaluated the effect of Lnc_ASNR on EMT. In order to further verify the abovementioned results, qRT-PCR and Western blot assay were conducted to evaluate the EMT-induced marker expression in cells downregulating or upregulating Lnc_ASNR. As shown in Figure 2F, high expressed epithelial markers E-cadherin, low expressed interstitial markers N-cadherin and vimentin were detected in the cells downregulated by Lnc_ASNR, indicating that the inhibition of Lnc_ASNR promoted the change of EMT to MET. Moreover, EMT transcription factor expression, including Snail, Twist, and ZEB1, was significantly downregulated (Figure 2F) in si-Lnc_ASNR-transfected cells. However, the results observed in the cells transfected with pcDNA3.1-Lnc_ASNR were just the opposite (Figure 3F). These results are consistent with our hypothesis that Lnc_ASNR affects the malignant phenotype by regulating EMT.



Lnc_ASNR Promotes GC Cell Tumorigenesis in vivo

In order to provide further evidence for the above findings, stably expressed sh-Lnc_ASNR or sh-NC AGS cells were constructed by infecting cells with shRNA vectors. Then, in order to determine the correlation between Lnc_ASNR and tumorigenesis of GC cells in vivo, AGS cells with stable knockdown of Lnc_ASNR were injected into nude mice. In contrary to the tumor formed by the control cells, the tumor formed by the Lnc_ASNR-silenced cells has taken significantly slower time (Figure 4A). In addition, compared with the control group, tumor volume of the sh-Lnc_ASNR group was significantly decreased (Figures 4B,C). We also found that the protein expression of cell proliferation marker gene, PCNA, and cell invasion and migration-related gene, MMP2, MMP9, and ICAM1, were decreased, while NM23 was increased in the sh-Lnc_ASNR group (Figure 4D). The above results demonstrated that the downregulated Lnc_ASNR could suppress tumor development in vivo. Furthermore, the results of H&E staining indicated that the sh-Lnc_ASNR group significantly suppressed tumorigenesis. Additionally, immunohistochemical staining of tumor tissues demonstrated that contrary to the sh-NC group, a decrease in Ki-67 was detected in the sh-Lnc_ASNR group (Figure 4E).
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FIGURE 4. Silenced Lnc_ASNR suppresses the tumorigenesis ability in vivo. (A) The sizes of tumors were measured, and the volume was calculated every 4 days. (B) Tumor weights in different groups were shown. (C) Images of tumors formed from AGS cells in different groups were represented. (D) Related protein expression levels in tumor tissues were investigated via western blot assays. (E) Images of H&E staining and Ki67 immunostaining for nude mice tumor tissues in different groups. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


In vivo investigations above complement the evidence of in vitro functional studies involving Lnc_ASNR.



Lnc_ASNR Functions as ceRNA and Sponges miR-519e-5p in GC Cells

In addition to regulating the target in epigenetics, some lncRNAs can also act as competing endogenous RNA (ceRNA) of specific miRNA to affect the target gene expression. We predicted the potential target of Lnc_ASNR by searching the biological information database miRDB. We examined the Lnc_ASNR sequence and found the miR-519e-5p-binding site and identified miR-519e-5p as a candidate binding miRNA (Figure 5A). In order to detect the miR-519e-5p expression in GC tissues, real-time PCR was performed in GC tissues and matched adjacent normal tissues. It was clearly indicated that the expression of miR-519e-5p was markedly downregulated in GC samples (Figure 5B). Besides, Lnc_ASNR expression was negatively correlated with that of miR-519e-5p in GC samples (Figure 5C). We attempted to analyze the regulation of miR-519e-5p by Lnc_ASNR. Highly differentiated MKN28 cells were transfected pcDNA3.1(+) vector carrying the coding sequence of Lnc_ASNR to overexpress Lnc_ASNR, and downregulation of miR-519e-5p expression was detected by qPCR (Figure 5D). Whereas, lowly differentiated MKN45 cells were transfected with si-Lnc_ASNR to silence Lnc_ASNR and upregulated miR-519e-5p expression was detected by qPCR (Figure 5E). To further verify the targeting relationships between miR-519e-5p and Lnc_ASNR, luciferase reporter experiment was performed in MKN45 cells. As represented in Figure 5F, miR-519e-5p mimic apparently decreased the activity of luciferase in Lnc_ASNR-wild, while no significant change was detected in Lnc_ASNR-mut.
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FIGURE 5. The relationship between Lnc_ASNR and miR-519e-5p. (A) The predicted combining positions between Lnc_ASNR and miR-519e-5p were predicted by using “miRDB” website (http://mirdb.org/). (B) qRT-PCR was applied to indicate the expression of miR-519e-5p in GC tissue samples and adjacent non-tumor tissue samples. (C) Correlation analysis was used to evaluate the relationship between miR-519e-5p expression and Lnc_ASNR expression. (D) qPCR detected the levels of miR-519e-5p in GC cells after Lnc_ASNR was overexpressed. (E) qPCR detected the levels of miR-519e-5p in GC cells after Lnc_ASNR was silenced. (F) Luciferase activity detection. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


Therefore, these data suggested that Lnc_ASNR acts as a miR-519e-5p sponge in GC.



FGFR2 Is a Downstream Target of miR-519e-5p

Online miRNA target prediction databases (including Targetscan and miRDB) were applied to predict potential target genes of miR-519e-5p, and FGFR2 was determined as a potential downstream gene of miR-519e-5p (Figure 6A). Real-time PCR was carried out in GC tissues and matched adjacent normal tissues to evaluate the FGFR2 expression. An obvious upregulation of FGFR2 expression was detected in GC tissue samples (Figure 6B). Besides, FGFR2 expression was positively correlated with the expression of Lnc_ASNR (Figure 6C) and negatively related to miR-519e-5p expression in GC tissue samples (Figure 6D). In addition, FGFR2 expression in GES-1, MKN28, AGS, MKN45, and HGC27 cells was also detected. It was clearly indicated from Figure 6E that FGFR2 expression was markedly higher in GC cell lines than that of control cells.


[image: image]

FIGURE 6. The relationship between FGFR2 and miR-519e-5p in GC cells. (A) The potential binding sites between miR-519e-5p and FGFR2 were predicted from “Targetscan” website (http://www.targetscan.org/) and “miRDB” website (http://mirdb.org/). (B) qRT-PCR was applied to indicate the expression of FGFR2 in GC tissue samples and adjacent non-tumor tissue samples. (C) Correlation analysis was used to evaluate the relationship between FGFR2 expression and Lnc_ASNR expression. (D) Correlation analysis was used to evaluate the relationship between FGFR2 expression and miR-519e-5p expression. (E) qRT-PCR showed the expression of FGFR2 in the normal cell line and GC cell lines. (F) qPCR detected the overexpress efficiency of miR-519e-5p mimic. (G) Relative FGFR2 expression and protein levels in GC cells after miR-519e-5p was overexpressed. (H) qPCR detected the silence efficiency of miR-519e-5p inhibitor. (I) Relative FGFR2 expression and protein levels in GC cells after miR-519e-5p was silence. (J) Luciferase activity examination. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


Next, low differentiated MKN45 cells were transfected with miR-519e-5p mimic, and qRT-PCR was used to verify that miR-519e-5p expression was markedly increased (Figure 6F). In addition, the FGFR2 expression level was evaluated by qRT-PCR and Western blot experiments, and the data demonstrated that the FGFR2 expression level was markedly downregulated (Figure 6G). On the contrary, miR-519e-5p inhibitor was used to transfect highly differentiated MKN28 cells, and corresponding results demonstrated that the expression of miR-519e-5p was markedly decreased (Figure 6H). Moreover, FGFR2 expression was investigated by conducting qRT-PCR and Western blot experiments, and the results suggested that FGFR2 expression was obviously increased (Figure 6I). To further evaluate the targeting correlation between miR-519e-5p and FGFR2, luciferase reporter experiment was performed in the MKN45 cells. As exhibited in Figure 6J, miR-519e-5p mimic markedly suppressed the vitality of luciferase in FGFR2-wild, while no significant change was detected in FGFR2-mut.

Therefore, these data indicated that FGFR2 is an important downstream target of miR-519e-5p.



The Lnc_ASNR/miR-519e-5p/FGFR2 Axis Promotes Proliferation, Invasion, and Migration of GC

Mechanism research was conducted to clarify the relationship between Lnc_ASNR and FGFR2. Lnc_ASNR was silenced in lowly differentiated MKN45 cells. qRT-PCR and western blot assay inhibited that decreased Lnc_ASNR reduced the level of FGFR2 protein, which is consistent with the miR-519e-5p-induced FGFR2 protein downregulation. When transfected with si-ANSR + miR-519e-5p inhibitor in MKN45 cells, it was found that FGFR2 expression was restored (Figure 7A). In contrast, upregulated FGFR2 was detected in highly differentiated MKN28 cells who overexpressed Lnc_ASNR. When pcDNA3.1-ASNR + miR-519e-5p mimic was transfected in MKN45 cells, it was found that FGFR2 expression was reversed (Figure 7B). The effect of Lnc_ASNR/miR-519e-5p axis on GC was then evaluated. MKN28 cells were transfected with vectors, pcDNA3.1-ASNR, and pcDNA3.1-ASNR + miR-519e-5p minic, respectively. MKN45 cells were transfected with si-NC, si-ASNR, and si-ASNR + miR-519e-5p inhibitors, respectively. As shown in Figures 7C,D, miR-519e-5p mimics could counteract the enhancement effect of overexpression of Lnc_ASNR on cell migration and invasion ability, while miR-519e-5p inhibitor could reverse the inhibitory effect of knockdown of Lnc_ASNR on cell migration and invasion ability.
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FIGURE 7. Lnc_ASNR/miR-519e-5p axis regulates GC progression. (A) The effects of Lnc_ASNR inhibition on the expression of FGFR2. (B) The effects of Lnc_ASNR overexpression on the expression of FGFR2. (C) The rescue experiments about si-Lnc_ASNR and pcDNA3.1-ASNR for cell migration. (D) The rescue experiments about si-Lnc_ASNR and pcDNA3.1-ASNR for cell invasion. Error bars, mean ± SEM. *P < 0.05; **P < 0.01; ***P < 0.001.


Ultimately, correlation analysis in GC showed that Lnc_ASNR expression and miR-519e-5p expression was negatively related, while Lnc_ASNR expression and FGFR2 expression was positively related. Overall, the above results demonstrated that Lnc_ASNR acted as a ceRNA for miR-519e-5p, thereby reducing FGFR2 expression and imposing posttranscriptional regulatory levels (Figure 8).
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FIGURE 8. Lnc_ASNR acted as a ceRNA for miR-519e-5p promoting GC development by regulating FGFR2.




DISCUSSION

Generally, explorations for cancer drivers are focused on protein-coding genes in cancer genomes before the discovery of non-coding RNAs. However, increasing research results verified that lncRNAs are crucial in cellular progression and diseases development (Han et al., 2019; Pradas-Juni et al., 2020), especially in cancer (Papaioannou et al., 2019; Schulte et al., 2020; Silva-Fisher et al., 2020). Abnormal expression of lncRNAs may lead to accelerated tumor growth (Geng et al., 2018; Lin and Yang, 2018; Sallam et al., 2018). The therapeutic methods available to advanced GC patients are limited, and there remains potential to improve the treatment effect. It is essential to investigate thoroughly the internal mechanisms of GC occurrence and development and explore novel prognostic markers. Large amounts of lncRNAs are verified to play crucial roles in GC development. Increasing researchers pay more attention to investigate the functions and regulation of lncRNAs to explore novel predictors for the diagnosis and therapeutics of GC (Fu et al., 2020; Qin et al., 2020; Ren et al., 2020). Herein, a GC-associated lncRNA ASNR was identified, which was markedly increased in GC cells and tissues. High Lnc_ASNR expression was related to advanced TNM staging, larger tumor size, and positive lymph node metastasis. In addition, the upregulated expression of Lnc_ASNR was related to the shortening of OS and DFS in GC patients. The above investigations showed that knocking down Lnc_ASNR suppressed cell proliferation, declined tumor growth, and facilitated cell apoptosis, while upregulated Lnc_ASNR accelerated cell proliferation, invasion, and metastasis. These functional evidences indicate that Lnc_ASNR plays a carcinogenic role in the occurrence of GC, which can be used as a potential prognostic indicator.

Increasing evidences indicate that there is a novel and extensive interaction network involving ceRNA. It was reported that ncRNAs could regulate target RNA through combining their linking position of protein coding messengers (Wang P. et al., 2020; Wang W. et al., 2020; Zhao et al., 2020). Emerging researches confirm the ceRNA hypothesis and indicate that ceRNA regulation is related to the carcinogenic effects of GC. For example, LncRNA MT1JP can suppress cell growth, migration, and invasion, promote cell apoptosis in vitro, and inhibit tumor growth and metastasis in vivo (Zhang et al., 2018). In our previous investigations, we suggested that lncRNA PWRN1 acts as a ceRNA-targeting miR-425-5p and inhibits the growth of GC by intervening p53 signaling pathway (Chen et al., 2018). Thus, we assumed that lncRNA may play the role of ceRNA and participate in occurrence of GC. It was confirmed by bioinformatics analysis and luciferase reporter gene analysis that miR-519e-5p was targeted by Lnc_ASNR. Recently, miR-519e-5p has only been reported in acute myocardial infarction (Wang F. et al., 2014) and pregnancy-related complications (Hromadnikova et al., 2015; Zhang et al., 2016), while few investigations on the relationship between miR-519e-5p and GC were reported. In our research, we confirmed that the endogenous level of Lnc_ASNR could influence the miR-519e-5p expression. The miR-519e-5p expression was increased in GC cells when Lnc_ASNR was silenced. Contrary to the results of silencing Lnc_ASNR, miR-519e-5p expression was decreased upon Lnc_ASNR overexpression, which confirmed our hypothesis. Above investigations revealed the importance of the correlation between Lnc_ASNR with miR-519e-5p in GC, which was contributed to that Lnc_ASNR exhibited a carcinogenic effect through causing miR-519e-5p to produce sponges in GC cells.

In general, lncRNAs exhibit function by relying on ceRNA to inhibit miRNA targets (Shen et al., 2018; Chen et al., 2019; Yang et al., 2019). Therefore, miRNA targets are important parts of ceRNA network. It is worth to note that FGFR2 is a potential miR-519e-5p target site which has never been reported via online-predicting database. In order to verify that miR-519e-5p was directly targeted by FGFR2, we carried out luciferase reporter experiments and confirmed that FGFR2 was targeted by miR-519e-5p at 3′-UTR. In addition, transfection of miR-519e-5p mimic inhibits FGFR2 mRNA and protein expression, while transfection of miR-519e-5p inhibitor promotes FGFR2 mRNA and protein expression. The protein encoded by the FGFR2 gene is one of the members of the fibroblast growth factor receptor (FGFR) family (Wu et al., 2013). At present, four types of FGFRs have been identified, namely FGFR1, FGFR2, FGFR3, and FGFR4. The main function of FGFR, a receptor for FGF, is to transduce FGF signal to RAS-ERK and PI3K-AKT signal cascade amplification. The missense mutations of the FGFR2 gene occur in endometrial cancer, cervical cancer, breast cancer, lung cancer, and GC. The amplified FGFR2 induces the activation of FGFR2 signaling. FGFR2 has been proposed as a target for targeted therapy of GC (Pearson et al., 2016; Kuboki et al., 2018; Kim et al., 2019). Yu et al. (2018) revealed that overexpressed FGFR2 accelerated the production of cancer-initiating cells (CIC) and enhanced the resistance to lapatinib in HER2-positive GC cells. We further determined that miR-519e-5p could reverse the effect of Lnc_ASNR on FGFR2 expression level, indicating that Lnc_ANSR acts on miR-519e-5p through sponge adsorption, which further affects the expression of downstream target gene FGFR2, thereby affecting cell proliferation, invasion, and migration activity.

In summary, our findings validated a novel lncRNA, called Lnc_ASNR, and found that Lnc_ASNR expression was related to poor prognosis in GC. The study found that Lnc_ASNR was a carcinogenic lncRNA exhibiting a targeting relationship with miR-519e-5p. GC patients with higher expression of Lnc_ASNR promoted tumor growth by regulating the miR-519e-5p/FGFR2 pathway. The current study reveals a further insight into the function of lncRNA–miRNA–mRNA–ceRNA network in GC progression. The promoter function of Lnc_ASNR in the GC progress was first reported. The potential molecular mechanism involved in the Lnc_ASNR/miR-519e-5p/FGFR2 axis could be a potentially useful approach for GC diagnosis and therapies.
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Objective: Ovarian cancer (OC) is a high deadly gynecologic cancer with a poor prognosis. The identification of genomic aberrations could predict the clinical prognosis of OC patients and may eventually develop new therapeutic strategies in the future. The purpose of this study is to create comprehensive co-expressed gene networks correlated with metabolism and the immune process of OC.

Methods: The transcriptome profiles of TCGA OC datasets and GSE26193 datasets were analyzed. The mRNA expression level, hub genomic alteration, patient’s survival status, and tumor cell immune microenvironment of metabolism-related genes were analyzed from TCGA, GTEX, Oncomine, Kaplan-Meier Plotter, cBioPortal, TIMER, ESTIMATE, and CIBERSORT databases. We further validated the mRNA and protein expression levels of these hub genes in OC cell lines and tissues using qRT-PCR and immunohistochemistry.

Results: The LASSO-Cox regression analyses unveiled seven differently expressed metabolism-related genes, including GFPT2, DGKD, ACACB, ACSM3, IDO1, TPMT, and PGP. The Cox regression risk model could be served as an independent marker to predict the overall clinical survival of OC patients. The expression of GFPT2, DGKD, ACACB, and ACSM3 were downregulated in OC tissues, while IDO1, TPMT, and PGP were upregulated in OC tissues than in control. Moreover, DGKD and IDO1 were significantly associated with the human immune system.

Conclusion: The differently expressed metabolism-related genes were identified to be a risk model in the prediction of the prognosis of OC. The identified hub genes related to OC prognosis may play important roles in influencing both human metabolism and the immune system.

Keywords: ovarian cancer, risk model, prognosis, metabolism, immune


INTRODUCTION

Human ovarian cancer (OC) is one of the most deadly gynecologic malignancies in the world (Siegel et al., 2020). Epithelial OC, the main type in histological, is regarded as originating from human epithelial cells of the ovary or the fallopian tube (Zhang et al., 2017). OC patients are usually diagnosed at the advanced clinic stage owing to the absence of symptoms at an early stage and the lack of an effective diagnostic marker. Although advances in surgery, chemotherapy, radiotherapy, immune and targeted therapy have been achieved great progress in OC treatment, the 5-year overall survival rate is still very low. One of the major reasons is the lack of effective markers to predict the prognosis which could give OC patients an early opportunity to change the treatment project. Thus, the exploration of new prognostic markers to distinguish and predict OC patients’ outcomes have a high clinical value.

Metabolic reprogramming is recently regarded as one of the new hallmarks of cancer (Hanahan and Weinberg, 2011). The previous work showed that one of the key enzymes of vitamin metabolism plays an important role in the process of OC and could be treated as a potential molecular biomarker of OC (Zhang et al., 2017). Recently, the dysfunction of oncogenes and tumor suppressors promotes metabolic reprogramming and enhances nutrient uptake to sustain energy supply and biomass synthesis (Boroughs and DeBerardinis, 2015). The difference in metabolism biology between tumor cells and normal cells makes drugs targeted metabolic pathways, which becomes a hot topic in cancer treatment. New agents focusing on metabolic genes were reported could eliminate tumor cells. The disorder of cell metabolisms such as accumulation of glycogen, fatty acid metabolism, and unsaturated lipids was found to take effect on the development of cancer (Iida et al., 2012). Even though the therapy targeted metabolism system in cancer treatment has proved to be effective, the molecular mechanism is poorly exploited (Khadirnaikar et al., 2020).

Besides, the other important hallmark of cancer is reported as immune infiltration (Hanahan and Weinberg, 2011). The human immune system plays a role in the beginning and process of tumors (Galon et al., 2013; Khadirnaikar et al., 2020). Since the metabolism and immune system are both the vital hallmarks of cancer, they may take part in the development of OC to a certain extent together. Immunotherapy which increases tumor-infiltrating T cells in tumors helps to clear tumor cells effectively because of the immune-active nature of tumors (Baert et al., 2017). The research showed that there was a significant correlation between high lymphocyte infiltration and the survival time in OC patients (Ovarian Tumor Tissue Analysis (OTTA) Consortium, Goode et al., 2017; Khadirnaikar et al., 2020). While the potential processes of the human immune system in some cancer types have been clarified, the mechanism of immune-related genes in OC is still not very clear. And to our knowledge, until now there is no research focusing on the genes of OC from both the metabolism system and immune system simultaneously.

The study was aimed to identify the differently expressed metabolism-related genes and try to further declare their association with the human immune system. We analyzed the correlation between the expression levels of these genes with clinical characteristics. The underlying molecular regulatory mechanisms were also further elucidated through bioinformatics analyses.



MATERIALS AND METHODS


Public Data Mining

The Cancer Genome Atlas database (TCGA1) and Genotype-Tissue Expression database (GTEX2), which contains 379 OC surgical specimens and 88 normal ovarian tissue for conducting the primary analysis. The transcriptome data of GSE26193 containing 107 OC samples with clinical characteristics (Mateescu et al., 2011) were further retrieved from the Gene Expression Omnibus database (GEO3). Patients who received chemotherapy, radiotherapy and treatment before surgery were excluded. Probes were included only with gene annotation and matched with one gene symbol.



Detection of Differently Metabolism-Related Genes

| logFC| > 1 and P-value < 0.05 was set as the cut-off criteria. We screened 91 differently expressed metabolism-related genes by the “limma” R package in TCGA-OV dataset compare to GTEX normal tissues. The mRNA expression was validated by the Gene Expression Profiling Interactive Analysis database (GEPIA4) and the Oncomine database5 (Wen et al., 2020).



Functional Enrichment Analysis and PPI Network Construction

Gene ontology (GO) (Ashburner et al., 2000) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses (Kanehisa et al., 2017) were used to investigate the biological functions of the differently expressed metabolism-related genes by the R package (Ritchie et al., 2015). The Protein-Protein Interaction (PPI) network with high confidence was established from the Search Tool for the Retrieval of Interacting Genes (STRING) database6 (Szklarczyk et al., 2019).



Establishment of Prognostic Risk Model

TCGA-OV dataset was treated as a training cohort. GSE26193 dataset was adjusted as the external validation cohort. The expression data of the differently metabolism-related genes from the TCGA-OV dataset were employed to establish a risk score model. The impact of each differently expressed metabolism-related gene on OS of OC patients was further to be valued via the univariate Cox proportional risk regression model. Log-rank P < 0.05 was considered statistically significant. LASSO-Cox regression was used to minus the scope of genes (Tibshirani, 1997). Internal and external validation cohorts were then used to verify the robustness of the risk model. Moreover, the clinical indexes and risk scores were included in univariate and multivariate Cox regression analyses to validate the independence of the risk model. A cutoff value by the Gordon index was used to divide the high-risk and low-risk groups (Wen et al., 2020). A log-rank test was used in comparing the survival difference between the two groups. The OS of each group was performed using the Kaplan–Meier (KM) survival curve.



Survival Analysis of Metabolism-Related Genes in Kaplan-Meier Plotter

The OS, PFS, and clinical stage of OC patients were performed from the Kaplan–Meier Plotter7. The 95% confidence intervals (CIs) of hazard ratio (HR) and log-rank P-value were counted.



Oncomine Analysis

The mRNA levels of the seven differently expressed metabolism-related genes in OC and normal control tissues were analyzed from the Oncomine database8. Fold-change = 1.5, P = 0.05, mRNA data type were determined as the thresholds.



cBioPortal Database Analysis

The cBioPortal9 was applied for estimating the genetic alterations of the differently expressed metabolism-related genes. The mRNA expression z scores (RNA Seq V2 RSEM) were got with a z score threshold of ± 2.0 (Zhang et al., 2020). An overview of genetic alterations is presented by OncoPrint.



Correlation of Differently Metabolism-Related Genes With Immune Cells

Further research of the correlation of seven differently expressed metabolism-related genes with immune cells was analyzed in The Tumor IMmune Estimation Resource (TIMER10). ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumors using Expression data) was used to measure the fraction of immune cells in tumor samples using gene expression profile. CIBERSORT (Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts) is a deconvolution algorithm that characterizes the cell composition of complex tissues from gene expression profiles. In the present study, TCGA OC samples were analyzed via the CIBERSORT algorithm to describe 22 immune cells by P < 0.05. The violin plot of associations between DGKD, IDO1 expression, and 22 immune cells was produced with “vioplot” and “limma” packages in R 4.02 (Zhang et al., 2021). Scatter plots of the correlation of tumor-infiltrating immune cells proportion with the PNPO expression were plotted with “ggplot2,” “ggpubr,” and “gridExtra” R packages.



qRT-PCR

Total RNA was collected and extracted from human non-tumorous human ovarian surface epithelial cells (HOSEpiC), human OC cell lines SK-OV-3 (adenocarcinoma), OVCAR-3 (adenocarcinoma), ES-2 (clear cell carcinoma), and A2780 (human ovarian carcinoma) by the RNA-Quick Purification Kit (Yishan Biotechnology Co., Ltd., Shanghai, China). The primer sequences were shown in Supplementary Table 1.



Immunohistochemistry

The study of the human subject was approved by the Ethics Committee of Shanghai First Maternity and Infant Hospital, Tongji University. Human OC tissues and control tissues were got from Shanghai First Maternity and Infant Hospital. Five ovarian tissue samples were obtained from patients with OC. Five control ovarian tissue samples and five control fallopian tube tissue samples were obtained from patients with non-tumorous ovaries and fallopian tubes, respectively. The following antibodies anti-ACSM3 (#10168-2-AP), anti-TPMT (#10682-1-AP), anti-IDO1 (#13268-1-AP), anti-ACACA (#21923-1-AP), and anti-PGP (#25081-1-AP) were obtained from ProteinTech Group (Chicago, IL, United States). Anti-DGKD (#abs111548) and anti-GFPT2 (#abs111910) were obtained from Absin Bioscience Inc. (Shanghai, China).



Statistical Analysis

Statistical analyses of bioinformatics results were used by R software version 3.6.111 and performed by GraphPad Prism 8.0 (GraphPad Software Inc., San Diego, CA, United States). A log-rank test was used to compare the high-risk with the low-risk group in the Kaplan-Meier curve. Different expression of seven hub genes between two groups of experimental results was compared by a two-tailed Student’s t-test. Data were shown as mean ± the standard deviation. P < 0.05 was considered as statistical significance.



RESULTS


Identification of Differently Expressed Genes in OC

The flowchart of the analysis process is displayed in Supplementary Figure 1. The gene expression profiles were got from the dataset TCGA and GTEX database, which contains 379 OC surgical specimens and 88 normal ovarian specimens. The heat map of differently expressed genes between human OC tissue and ovarian normal tissue was shown in Supplementary Figure 2. Function annotation analyses were then executed. GO enrichment suggested that the differently expressed genes were major consisted of extracellular structure organization, extracellular matrix, and cell adhesion molecular binding (Supplementary Figure 3A). KEGG enrichment indicated that the hub genes were mainly related to the cell cycle, Ras signaling pathway, and Platinum drug resistance (Supplementary Figure 3B).



Identification and Bioinformatics of Hub Genes in OC

The heatmap of total differently expressed metabolism-related genes between OC surgical tissues and control normal ovarian tissues were extracted (Supplementary Figure 4A). The PPI network of the differently expressed metabolism-related genes was constructed by the STRING database (Supplementary Figure 4B). GO analysis enlightened that the differently metabolism-related genes were mainly related to small molecular catabolic processes, mitochondrial matrix, and coenzyme binding (Supplementary Figure 4C). KEGG analysis indicated that the genes were mainly associated with drug metabolism, glycerophospholipid metabolism, and glutathione metabolism (Supplementary Figure 4D).



Validation of the Prognostic Risk Model

To determine the correlation with the prognosis, seven differently expressed metabolism-related genes (four low-risk genes and three high-risk genes) were screened as hub genes to be analyzed with overall survival (OS) of OC patients in TCGA (Figure 1A). OC patients were separated into a high-risk group (n = 187) and a low-risk group (n = 188) by the median risk score in the training cohort (TCGA dataset). We identified the prognostic outcome was worse in the high-risk group than the low-risk group (P < 0.01) (Figure 1B). The results of the verification cohort (GSE26193) were similar to the training group (Figure 1C). The risk score has a significant correlation with the OS by univariate (Figure 1D) and multivariate (Supplementary Figure 5) Cox regression analysis. Thus, the results suggested that the risk score was a better factor to predict the prognosis of OC than other clinical indices, such as age and stage. The mRNA expression level of each differently metabolism-related gene was extracted from the GEPIA database. The mRNA expression of GFPT2, DGKD, ACACB, and ACSM3 were downregulated in OC patients, while IDO1, TPMT, and PGP were upregulated in OC patients (Figure 1E). It was shown that most genes in the risk model had different expressions in OC mRNA level compared with normal ovarian tissues (P < 0.05).
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FIGURE 1. The differently expressed metabolism-related genes panel. (A) Establishment of the seven metabolism-related genes’ panel correlated to OC patients outcomes. Red, high-risk genes; Green, low-risk genes. (B) Kaplan-Meier curve analysis of seven metabolism-related genes with OS in the training dataset of TCGA. Red, high-risk group; Blue, low-risk group. (C) Kaplan-Meier curve analysis of seven metabolism-related genes with OS in validation dataset of GEO. Red, high-risk group; Blue, low-risk group. (D) Forrest plots in the training cohort. (E) The transcription level of seven metabolism-related genes between human OC and normal tissues in TCGA. Red, tumor group; Gray, normal group.




Prognostic Value of the Risk Model

The risk score of patients was ranked (Figure 2A) and the survival state of patients was shown by dot chart (Figure 2B) in the training cohort. The hub genes were separated into a high-risk and low-risk group which were shown in the heat map (Figure 2C). It was suggested that patients in a high-risk score group had worse OS than in a low-risk group. Similarly, the risk score, dot chart, and heat map were similar to the training group (Figures 2D–F). The results concluded that the risk model could be served as a prognostic factor of OC patients.
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FIGURE 2. Evaluation of the performance of the risk model. (A,D) Distribution of risk score in patients. (B,E) Survival status scatter plots of patients (red dots represent death, blue dots represent alive). (C,F) The seven-gene expression patterns in the training cohort. (A–C) from TCGA database. (D–F) from GEO database.




Analysis of Hub Genes and Clinical Data

To investigate the association between metabolism and OC patients’ clinical data, we analyze the seven metabolism-related genes with OS, progression-free survival (PFS), and clinical stage. The analysis results indicated that the expression of GFPT2, ACACB, ACSM3, IDO1, TPMT, and PGP had a remarkable association with patient OS (Figure 3A), while the expression of GFPT2, DGKD, ACACB, ACSM3, IDO1, and PGP were remarkably associated with patient PFS (Figure 3B). For OS analysis, higher expression of GFPT2 and ACACB indicated poorer OS, while higher expression of ACSM3, IDO1, TPMT, and PGP indicated better patient OS (P < 0.05). For PFS analysis, higher expression of GFPT2, DGKD, and ACACB indicated poorer PFS, while higher expression of ACSM3, IDO1, and PGP indicated better patient PFS (P < 0.05). Exploration of the differently metabolism-related genes during the clinic progression of OC showed that the levels of DGKD, ACACB, TPMT, and PGP were significant correlated with the clinical stage (Figure 3C). Thus, these results showed that these genes contribute to the evolution of OC (P < 0.05).
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FIGURE 3. Analysis of hub genes with clinical data. (A) Kaplan-Meier curve analysis of OS comparing the high and low levels of seven metabolism-related genes. (B) Kaplan-Meier curve analysis of PFS comparing the high and low expression levels of seven metabolism-related genes. (C) The violin pot shows the correlations with the clinical stage. Red, high expression; Blue, low expression.




Genetic Alterations in OC Patients

ACSM3 and IDO1 were significantly overexpressed in OC, while GFPT2, DGKD, and ACACB were significantly decreased in the Oncomine database (Supplementary Figure 6A). The relevant mRNA expression data of TPMT and PGP in OC were absent in the Oncomine database, but they were found to be upregulated in OC in the TCGA database. The analysis of genetic alterations of the hub genes was analyzed from cBioPortal. Amplification, mRNA high, deep deletion, and mutation were found in the high-risk group, while amplification, mRNA high, and deep deletion appeared in the low-risk group. TPMT had the most frequent genetic alterations (15%), while amplification was its most popular genetic alteration (Supplementary Figures 6B, 7).



Expression of the Hub Genes in Human OC Cell Lines and Tissues

To further assess the seven metabolism-related gene expression levels in OC, we perform qRT-PCR to search the mRNA expression of the hub genes in human OC cell lines (Figure 4). The mRNA expression of GFPT2 was decreased in SK-OV-3, ES-2, and A2780 cell lines than in the control non-tumorous HOSEpiC cell line. DGKD mRNA expression was decreased in OVCAR-3 than HOSEpiC cell line. ACACB mRNA level was lower expressed in all OC cell lines we tested. ACSM3 mRNA expression was decreased in SK-OV-3, OVCAR-3, ES-2, A2780 cell lines than the control cell line. The mRNA expression of IDO1 was higher in SK-OV-3, A2780 than in the HOSEpiC cell line, while PGP mRNA expression was higher in A2780 cells than in control. We also tested the mRNA expression of TPMT, but there was no significant value so we did not show it here. Interestingly, we found the hub genes expression level maybe not very consistent among different cell lines, but the general expression level trend was the same as the results that we extracted from the online database. The protein expression levels of GFPT2, DGKD, ACACB, and ACSM3 were lower in OC tissues than normal ovarian and fallopian tube tissues. While the protein levels of IDO1, TPMT, and PGP were overexpressed in OC tissues than in control (Figure 5).
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FIGURE 4. The mRNA level of six hub genes in normal ovarian cell line and OC cell lines by qRT-PCR. (A) GFPT2, (B) DGKD, (C) ACACB, (D) ACSM3, (E) IDO1, and (F) PGP. *P < 0.05, **P < 0.01.
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FIGURE 5. Representative immunohistochemistry staining for seven hub genes in normal ovarian tissues, normal fallopian tube tissues, and OC tissues. The staining of IDO1, TPMT, and PGP was strong in OC tissues. Magnification × 200.




Correlation With Immune Cell Infiltration in OC Patients

Metabolism and immune disorder were both the important hallmarks of cancer, and they could cross-talk in some content during the process of cancer. We further investigate the correlation in the TIMER database. Two of the hub genes, DGKD and IDO1 have the most significantly association with the infiltration of immune cells. Obviously, a negative correlation between DGKD and the infiltration of B cells (Cor = −0.148, P = 1.19e–03), CD8 + T cells (Cor = −0.199, P = 1.18e–05), macrophages (Cor = −0.149, P = 1.04e–03), neutrophils (Cor = −0.254, P = 1.58e–08), and dendritic cells (Cor = −0.217, P = 1.55e–06) were found, when DGKD was positively associated with the purity (Cor = 0.172, P = 1.42e–04; Figure 6A). On the contrary, a positive interrelation between IDO1 expression and the infiltration of B cells (Cor = 0.251, P = 7.34e–05), CD8 + T cells (Cor = 0.472, P = 5.71e–15), CD4 + T cells (Cor = 0.185, P = 3.68e–03), neutrophils (Cor = 0.502, P = 5.91e–17), and dendritic cells (Cor = 0.425, P = 3.79e–12) were showed, while IDO1 was negatively related with the purity (Cor = −0.241, P = 1.16e–04; Figure 6B). Moreover, we also found GFPT2 expression was positively associated with macrophages and neutrophils (Figure 6C), while ACACB expression was negatively correlated with neutrophils and dendritic cells (Figure 6D). However, there is no significant correlation of the expression of ACSM3, TPMT, and PGP with infiltrating levels of immune cells infiltration (Figures 6E,F,G).
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FIGURE 6. Analysis of immune cells infiltration with seven hub genes expression in TIMER database. The correlation between the infiltration of immune cells and the expression of DGKD (A), IDO1 (B), GFPT2 (C), ACACB (D), ACSM3 (E), TPMT (F), and PGP (G).


To further exam the relationship of DGKD and IDO1 with the organic immune system, tumor-infiltrating immune cells were searched through CIBERSORT and ESTIMATE. It showed a negative relationship between DGKD and immune cells infiltration (R = −0.25, P = 7.4e–07, Figure 7A), while a positive association was found between IDO1 expression and immune cells infiltration (R = 0.54, P < 2.2e–15, Figure 7B) in CIBERSORT database. The data showed that five types of tumor-infiltrating immune cells were significantly correlated with DGKD expression, including macrophages M0, monocytes, and dendritic cells activated were positive with DGKD, while macrophages M1 and neutrophils were negative with DGKD expression (P < 0.05, Figure 7C). And six kinds of tumor-infiltrating immune cells have a significant correlation with IDO1, including T cells gamma delta, macrophage M1, T cells follicular helper, and dendritic cells activated were positive with IDO1 expression, while macrophages M0 and macrophages M2 were negative with IDO1 expression (P < 0.05, Figure 7D). Similarly, we found the infiltration of B cells memory, T cell follicular helper, T cells gamma delta, dendritic cells activated, macrophages M1, NK cell activated, and eosinophils were negatively correlated with the expression of DGKD while macrophages M0 and NK cells resisting were positively correlated with the expression of DGKD in ESTIMATE database (Supplementary Figure 8A). The T cells gamma delta, T cells follicular helper, T cells CD4 memory activated, dendritic cells activated, and macrophages M1 were positively related with IDO1 while macrophages M0 and macrophages M2 were negatively associated with IDO1 in the ESTIMATE database (Supplementary Figure 8B). These results further proved the expression levels of DGKD and IDO1 could affect the immune system of OC patients.
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FIGURE 7. Analysis of immune cells infiltration with DGKD and IDO1 expression in CIBERSORT database. The negative correlation of DGKD expression with immune cells (A) and the positive correlation of IDO1 expression with immune cells (B). The Violin plot of immune cells between OC tumor samples with the low or high expression level of DGKD (C) and IDO1 (D) relative to its median expression level, respectively. Red, high expression; Green, low expression.




Correlation of PNPO With Hub Genes in OC Patients

We found PNPO took an essential effect on the progress of OC from our previous work. PNPO was one key enzyme of vitamin B6 and participated in human many physical metabolism processes. The present study showed that the seven hub genes were anticipating the metabolism process of human OC and were associated with immune cell infiltration. We deduced PNPO may have crosstalk with these genes from metabolism and immune process. Then we examined the correlation of PNPO with seven hub genes via TCGA ovarian cancer datasets. It showed a positive correlation between PNPO and IDO1expression (Figure 8A), while there was no correlation between the expression of PNPO and the other six hub genes (Figure 8B). We further found the infiltration of NK cells resisting, macrophages M1 and eosinophils were positively related with the expression of PNPO in the ESTIMATE database (Supplementary Figure 9A), although there was no significant correlation in the TIMER database (Supplementary Figure 9B). The data indicate that PNPO may take part in the regulation of metabolism and the immune system in OC patients.
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FIGURE 8. The correlation of seven hub genes with the expression of PNPO in the TCGA-OC cohort (starBase). (A) The positive correlation between PNPO and IDO1. (B) The correlation between the expression of PNPO and the other six hub genes.




DISCUSSION

Many Human OC patients were usually diagnosed in an advanced stage in the world. The OC patients generally have a good response to therapy but in turn to recurrence very soon. Until now, there is no excellent molecular biomarker to assess the prognosis of OC. Therefore, it is urgent to explore novel biomarkers to accurately assess OC patient outcomes. As we knew, cancer is a comprehensive process that depending on the interaction among cancer cells, the microenvironment, and the physical immune system. Increasing evidence revealed that the dysfunction of metabolism and immune response could affect the development of cancer.

The current study used TCGA to analyze the mRNA transcriptome of OC patients. We identified the differently expressed metabolism-related genes from a training cohort and perform a firm risk model to predict the survival rate of OC patients. We found a panel of different metabolism-related genes, concluding GFPT2, DGKD, ACACB, ACSM3, IDO1, TPMT, and PGP were correlated with OC patients’ survival. Furthermore, comprehensive analyses of the seven differently metabolism-related genes at mRNA and protein levels, genetic alterations were carried out. Besides, we further investigate the correlation of the candidate hub genes with the body immune microenvironment from the TIMER, CIBERSORT, and ESTIMATE databases. At last, the genes both associated with human metabolism and immune system were screened.

From our previous work, we found pyridoxine 5′-phosphate oxidase (PNPO) is overexpressed in human OC tissues and could be served as a potential therapeutic target (Zhang et al., 2017). PNPO works as one key enzyme in vitamin B6 metabolism, converting pyridoxine 5′-phosphate and pyridoxamine 5′-phosphate into pyridoxal 5′-phosphate, which serves as a co-factor for more than 150 enzymes constituting about 4% of human enzyme activities (Ueland et al., 2017). Although we did not find PNPO as one of the candidate hub genes of the penal predicting OC patients of prognosis from an online network, we found PNPO plays an essential role in the human metabolism process. The results of PNPO had a positive correlation with IDO1 suggesting that the interaction of different metabolism processes may exist on the development of OC. We further found PNPO has a positive relationship with the infiltration of NK cells resisting, macrophages M1, and eosinophils. These data indicated that PNPO took part in the development of OC not only by affecting the organic metabolism but also by influencing the human physical immune system.

IDO1 is a rate-limiting oxidoreductase that catalyzes tryptophan to kynurenine (Takikawa, 2005). Tryptophan is an essential amino acid needed by the physical metabolism to construct proteins for cellular growth and immune function. IDO1 might restrict the inflow of tryptophan from blood to tumor and produce tumor-toxic metabolites in endothelial cells, thus decreasing tumor growth (Riesenberg et al., 2007; Feng et al., 2020). We found IDO1 was a low-risk gene and the overexpression of IDO1 may predict a good prognosis for OC patients. It is suggested that the higher expression level of IDO1 has a positive correlation with OS and PFS in OC, which was consistent with our results (Feng et al., 2020). A positive correlation was found between IDO1 and dendritic cells, macrophages, and T cells infiltration (Li et al., 2018; Feng et al., 2020). It was shown that IDO1 is an essential factor in the innate immune system and could be induced by IFN-γ which is mainly produced by activated infiltrating CD8 + and CD4 + T cells (Takikawa et al., 1988; Feng et al., 2020). However, IDO1 was also reported to be related to poor prognosis in some cancer and used as a checkpoint by tumors to escape immune surveillance (Ino, 2011; Tsai et al., 2019; Zhang et al., 2019; Steeneck et al., 2020). It was viewed as a mediator of the immune system in some cancer (Cesario et al., 2011; Kristeleit et al., 2017). The expression of IDO1 seems to decrease tumor infiltration of B cells and to increase the infiltration of regulatory T lymphocytes (Carvajal-Hausdorf et al., 2017). The complexity of this phenomenon may be partly because IDO1 is expressed in two compartments, including tumor cells and tumor-infiltrating lymphocytes. The tumor microenvironment could be influenced by their interaction, result in variant outcomes of tumor prognosis (Feng et al., 2020). These data suggesting us physical energy metabolism genes may take effect by regulating the immune environment in the development of OC. Our results also showed that IDO1 and PNPO have a positive correlation, indicating both tryptophan and vitamin metabolism were involved in the development of OC. How the way of the crosstalk between these two metabolic pathways needs further research.

DGKD, a lipid kinase that terminates diacylglycerol signaling, catalyzes diacylglycerol phosphorylation to produce phosphatidic acid (Kanoh et al., 1990; Murakami et al., 2020). Diacylglycerol was important in lipid metabolism (Chibalin et al., 2008). Intracellular diacylglycerol and phosphatidic acid levels are usually under dynamic equilibrium, and disturbances of this balance may lead to the disorder of cellular metabolism (Chibalin et al., 2008). DGKD is one key enzyme involved in cellular signal transduction (Imai et al., 2002). It was discovered that DGKD overexpression could protect and improve glucose homeostasis in diabetes by AMPK-related signal transduction and lipid metabolism (Jiang et al., 2016; Wada et al., 2016). DGKD regulated the de-ubiquitination of EGFR through targeting Akt and USP8 or by modulating PKC signaling (Crotty et al., 2006; Cai et al., 2010) and decreased the expression of cyclin D1 (Sakai et al., 2018). We found DGKD was a high-risk gene that predicting a poor prognosis of OC patients. We also found DGKD was low expressed in OC patients, and DGKD has a negative correlation with B cells, CD8 + T cells, macrophages, neutrophils, dendritic cells, and NK cells infiltration. To our knowledge, there was no relative report of DGKD in human OC until we prepare this article. The data indicated that DGKD could act as a candidate prognosis indicator gene in OC by affecting physical metabolism and the immune system.

GFPT2 was a key enzyme of the hexosamine biosynthesis pathway that was investigated to anticipate the biology of colorectal cancer cells via enhancing the glycosylation of p65 and activating the NF-κB pathway (Zhang et al., 2018). GFPT2 was discovered to be overexpressed in mesenchymal cell lines (Simpson et al., 2012). The data showed that GFPT2 had a positive association with the clinical stage, which was overexpressed in OC tissues. The down-regulated expression of GFPT2 in OC cells could reduce β-catenin nuclear location and the expression level of Slug and Zeb1 (Zhou et al., 2019). Our data also suggest the GFPT2 was a high-risk gene in OC and is related to poor prognosis in OC.

ACACB is one isoform of acetyl-CoA carboxylase which controls fatty acid β-oxidation (McGarry et al., 1978; Hunkeler et al., 2018). The inhibition of fatty acid oxidation through ACACB could perturb tumor cells absorbing energy (Gonzalez-Angulo et al., 2012; Lu et al., 2019). ACACB has studied metabolic syndrome, obesity, colorectal cancer, diabetes diseases, lung cancer, and hepatocellular carcinoma (Svensson et al., 2016; Yu et al., 2018; Lally et al., 2019). Meanwhile, ACACB was served as a prognostic indicator in breast cancer patients receiving neoadjuvant chemotherapy (Klintman et al., 2016; Lu et al., 2019). ACACB is overexpressed in liver cancer and is highly associated with the prognosis (Ye et al., 2019). We found ACACB was a high-risk gene in OC and is related to poor survival.

The expression of ACSM3 was decreased in hepatocellular carcinoma tissues. And ACSM3 was found to be correlated with poor survival in advanced hepatocellular carcinoma (Gopal et al., 2017; Ruan et al., 2017). Loss of ACSM3 expression was suggested with the activation of the TGFβ, MYC, and WNT signaling pathways (Ruan et al., 2017). There was a positive association between ACSM3 and CD8 + T cells, macrophages, T regulatory cells, and dendritic cells in melanoma (Zhu et al., 2020). In our present study, ACSM3 was decreased in OC and the downregulation of ACSM3 was found to be correlated with poor survival time of OC patients. But there was no correlation between ACSM3 and the immune microenvironment in OC.

TPMT is an enzyme that took an important effect in the metabolism of immunosuppressant azathioprine and mercaptopurine drugs mainly in rheumatoid arthritis, pediatric leukemia, and inflammatory bowel disease (Booth et al., 2011). Several studies have shown that the absence of TPMT activity may be associated with increased risk for drug-related toxicity of patients, including myelosuppression, hepatotoxicity, and pancreatitis (Meggitt and Reynolds, 2001; Gisbert and Gomollon, 2008). TPMT deficiency is associated with severe bone marrow toxicity and the heterozygote of TPMT is an increased risk factor of myelosuppression (Lennard, 2014). PGP has been described as a phosphatase. PGP targets phosphoglycolate, which resulted largely from a side activity of pyruvate kinase (Segerer et al., 2016). PGP was a metabolic repair enzyme that could regulate central carbon metabolism (Linster et al., 2013; Dumont et al., 2019). Until now there is no research on TPMT and PGP of OC. We found that TPMT and PGP were overexpressed in OC patients and had a significant correlation with OS and clinical stage. Combined with the other five genes, the seven genes panel could be the candidate prognosis biomarkers of OC.



CONCLUSION

We used the seven hub genes panel as a molecular signature to build a risk model which could accurately predict the prognosis in OC patients. High-risk and low-risk of OC patients can be screened by this panel that may help oncologists to provide a more proper therapeutic strategy for patients with OC. Besides, DGKD and IDO1, two genes of the panel, were significantly correlated with the physical immune system, suggesting that metabolism and immune microenvironment may play crosstalk efforts in the development of OC.
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Background: Hepatocellular carcinoma (HCC) is the world’s second most deadly cancer, and metabolic reprogramming is its distinguishing feature. Among metabolite profiling, variation in amino acid metabolism supports tumor proliferation and metastasis to the most extent, yet a systematic study on the role of amino acid metabolism-related genes in HCC is still lacking. An effective amino acid metabolism-related prediction signature is urgently needed to assess the prognosis of HCC patients for individualized treatment.

Materials and Methods: RNA-seq data of HCC from the TCGA-LIHC and GSE14520 (GPL3921) datasets were defined as the training set and validation set, respectively. Amino acid metabolic genes were extracted from the Molecular Signature Database. Univariate Cox and LASSO regression analyses were performed to build a predictive risk signature. K-M curves, ROC curves, and univariate and multivariate Cox regression were conducted to evaluate the predictive value of this risk signature. Functional enrichment was analyzed by GSEA and CIBERSORTx software.

Results: A nine-gene amino acid metabolism-related risk signature including B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1 was constructed to predict the overall survival (OS) of HCC patients. Patients were separated into high-risk and low-risk groups based on risk scores and low-risk patients had lower risk scores and longer survival time. Univariate and multivariate Cox regression verified that this signature was an independent risk factor for HCC. ROC curves showed that this risk signature can effectively predict the 1-, 2-, 3- and 5-year survival times of patients with HCC. Additionally, prognostic nomograms were established based on the training set and validation set. These genes were closely correlated with the immune regulation.

Conclusion: Our study identified a nine-gene amino acid metabolism-related risk signature and built predictive nomograms for OS in HCC. These findings will help us to personalize the treatment of liver cancer patients.

Keywords: amino acid metabolism, gene, prognosis, immune infiltration, nomogram, hepatocellular carcinoma


INTRODUCTION

A series of biochemical changes during cancer development can promote infinite tumor cell proliferation, activate tissue invasion and metastasis, and prevent tumor cell growth from being inhibited. Metabolic reprogramming is one of the most critical biochemical variations observed in cancer (Boroughs and DeBerardinis, 2015). Amino acids are essential nutrients and energy sources for tumor cells. Amino acids associate with the metabolism of glucose, lipids and nucleotides, which are crucial for tumor proliferation, invasion and metastasis (Li and Zhang, 2016; Vettore et al., 2020). Many cancers require exogenous supplementation with glutamine to maintain tumor cell proliferation, in a process called “glutamine dependence”(Lukey et al., 2017). Serine, glycine and threonine metabolism and the one-carbon unit product derived from these processes properly satisfy tumor cell proliferation and maintain the redox, genetic and epigenetic state (Locasale, 2013).

Increasing studies have supported that amino acid metabolic genes are vitally important in tumor development. Glutaminase 2 (GLS2) encodes glutaminase, which can induce tumor cells to resist ROS-related apoptosis and enhance drug resistance through p53 mediated transcription (Matés et al., 2020). Serine hydroxymethyltransferase 2 (SHMT2) can be induced by both c-Myc and HIF1α to enhance the ability to resist hypoxia-induced tumor cell death and promote the invasion of various cancers (Ye et al., 2014). Solute carrier family 7 member 8 (SLC7A8) is an important branched-chain amino acid (BCAA) transporter. SLC7A8 regulates the activation of glutamine-dependent mTOR and enhances the resistance of pancreatic cancer to gemcitabine, which promotes tumor proliferation and inhibits apoptosis (Feng et al., 2018).

Globally, liver cancer is the second most deadly tumor, with a 5-year survival rate of 18% (Villanueva, 2019). Hepatocellular carcinoma is the most common type of liver cancer, accounting for 90% (Forner et al., 2018). Current treatments such as surgical therapy, chemotherapy, and radiotherapy have significantly suppressed cancer proliferation and improved the survival of HCC patients. However, HCC displays a high degree of molecular heterogeneity among patients, at different locations within a patient, and even within a single tumor, which is closely correlated with the common occurrence of drug resistance and relapse after surgical resection and comprehensive treatment, consequently leading to a poor prognosis (Li and Wang, 2016; Xu et al., 2019). It is urgent that more effective biomarkers be identified to provide individual treatment for HCC patients. The liver is the central organ for amino acid metabolism and the importance of amino acid metabolism in HCC has been noticed in recent years. Aberrant amino acid and protein metabolism provided active biosynthesis support for HCC. For example, branched-chain amino acid (BCAA) metabolism disorders are common in HCC, such as upregulation of isoleucine and downregulation of glutamate (Di Poto et al., 2017). Moreover, an increasing proportion of BCAAs restrains the proliferation of HepG2 liver tumor cells and helps to recover liver functions and prevent early recrudescence after surgical resection (Tajiri and Shimizu, 2013). A recent study revealed that BCAA reduction is an independent risk factor for sarcopenia in the course of HCC recurrence, worsening the prognosis of HCC patients (Sano et al., 2021). Research on amino acid metabolism is of great significance for the prevention and treatment of HCC. HCC tumor cell can active immune reaction and provide appropriate tumor microenvironment for cancer development (Long et al., 2019). B and T cells played a vital role in the HCC tumor microenvironment. NK cell decreasing enrolled in HBV or HCV infection and promote the progression of liver cancer (Sun et al., 2015). However, whether amino acid metabolism-related genes are involved in immune regulation of HCC remains unclear. Moreover, effective amino acid metabolic genes to predict the overall survival (OS) of patients with HCC are still lacking.

In this study, we obtained HCC RNA sequencing data from the TCGA database and the GEO database, mined amino acid metabolism-related genes closely related to the OS of HCC patients, and then established an effective signature of amino acid metabolism-related biomarkers to extend the knowledge of molecular mechanisms and clinical prognosis of HCC.



MATERIALS AND METHODS


Data Collection

We downloaded the RNA-seq (HTseq-FPKM) data and clinical data of HCC from the TCGA database.1 The TCGA barcode was used to match different patients, and 370 HCC and 50 normal samples were selected as the training set. The clinical information included age, gender, histological grade, stage, TNM classification, survival time and survival status.

The GSE14520 (GPL3921) dataset was obtained from the GEO database, which contained gene expression and clinical data of HCC, paired non-tumor tissues, and healthy liver tissues analyzed by Affymetrix microarray profiling. Finally, 221 tumor samples were selected as the validation set. The clinical information included age, gender, main tumor size, number of tumors, TNM staging, BCLC staging and CLIP staging. Clinical data of the two cohorts are listed in Table 1.


TABLE 1. The clinicopathological characteristics of HCC patients in the training set and validation set.
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Screening Metabolism-Related Differentially Expressed Genes

We downloaded the KEGG gene sets (c2.cp.kegg.v7.0.symbols.gmt) from the Molecular Signature Database (MSigDB) and extracted genes in amino acid metabolism pathways to find amino acid metabolic genes from the training set. Next, the intersecting amino acid metabolic genes in the validation set and the training set were selected, and their expression was corrected by the “sva” package (R software version 4.0.2) for further differential analysis. The “limma” package was employed to obtain differentially expressed genes (DEGs) between normal liver tissues and HCC from the training set. FDR < 0.05 and | logFC| ≥ 0.5 were the criteria used to define DEGs.



Building and Validating the Amino Acid Metabolism-Related Prognostic Signature

To select genes significantly related to patient overall survival (OS) in the training set, a univariate Cox proportional hazard regression analysis was carried out. To ensure accurate results, patients with a survival time of less than 30 days were excluded. To prevent overfitting of the model, LASSO regression was carried out by “glmnet” R package. Genes with independent prognostic values were selected and the risk score formula was as follows:

[image: image]

According to the median risk scores, HCC patients were divided into high-risk and low-risk groups in both the training set and the validation set. Univariate and multivariate Cox proportional hazard regression analyses of risk scores and clinicopathological items were conducted to validate the performance of the prognostic signature. We generated Kaplan-Meier(K-M) curves using the “survival” and “survminer” R packages. To evaluate the predictive performance of the risk score for the 1-, 3-, and 5- year survival of HCC patients, we plotted a time-dependent receiver operating characteristic (ROC) curve with the “timeROC” and “survival” R packages.



Establishing Predictive Nomograms

The results of the multivariate analysis were used to build nomograms for predicting 1-, 2-, 3-, and 5- year survival. The “rms” R package was employed to establish and visualize the results. The discrimination performance and predicting value of nomograms were assessed by Harrell’s C-index and calibration curve.



Functional Enrichment Analysis

Gene set enrichment analyses (GSEA) were analyzed according to the Molecular Signatures Database (MSigDB, version 7.2) to reveal the molecular mechanism of the prognostic gene signature. The “c2 KEGG gene set,” and “c5 all GO gene sets” were chosen for analysis. GSEA software (version 4.1.0) was employed and the parameters were as follows: number of permutations = 1,000, min size = 15 and max size = 500. Pathways with NOM p-value < 0.05 and FDR q-value < 0.25 were defined as significantly enriched. The results were visualized by the “ggplot2” R package. The infiltration scores of 22 immune cells in the training set and validation set were analyzed with the CIBERSORTx web tool. The algorithm was run using the LM22 signature matrix at 1,000 permutations.



Cell Culture and Treatment

The human hepatocyte LO2 cell line, human hepatoma HepG2 and Hep3B cell lines were obtained from the America Type Culture Collection (ATCC, Manassas, VA, United States). The cells were incubated at 37°C in a humid atmosphere containing 5% CO2. The cells were cultured in dulbecco’s modified eagle’s medium (DMEM) supplemented with 10% fetal bovine serum (FBS) (GIBCO-BRL, Thermo Fisher Scientific, Waltham, MA, United States). Cells were inoculated in 12-well plates and 6-well plates at densities of 1∗105/well and 2∗105/well, respectively.



Quantitative Real-Time PCR

Total RNA from the cells were extracted by RNA isolater Total RNA Extraction Reagent (Vazyme, Nanjing, China) and were used to synthesis cDNA by HiScript II Q RT SuperMix for qPCR (Vazyme, Nanjing, China). To measure the abundance of mRNA, the cDNA template, primers (Supplementary Table 1) and AceQ qPCR SYBR Green Master Mix (Vazyme, Nanjing, China) were mixed and run in a Light-Cycler 480 Software (Roche Diagnostics GmbH, Mannheim, Germany). Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an internal control. The 2–ΔΔCt method was used to calculate mRNA expression.



Western Blot Analyses

Total protein from the cells was extracted and concentrations were quantitated. Protein samples were mixed with 1 × SDS-polyacrylamide gel electrophoresis(SDS-PAGE) loading buffer and boiled for 10 min. Denatured proteins were separated by 10% polyacrylamide gels (EpiZyme, Shanghai, China). The separated proteins were transferred to polyvinylidene fluoride (PVDF) membranes (Millipore Corp., Billerica, MA, United States). The membranes were blocked with 8% non-fat milk prepared with TBST containing 0.1% Tween20 for 1 h, and incubated in the diluted specific antibodies (Supplementary Table 2) at 4°C overnight with gentle shaking, and the next day were incubated with the secondary antibody for 1 h. The immunoreactive bands were detected with enhanced chemiluminescence (ECL) kit (Vazyme, Nanjing, China) and quantified with ImageJ software (V1.8.0, National Institutes of Health).



Immunohistochemistry Analysis

A total of three pairs of HCC and paired adjacent tissues were obtained from three patients of Union Hospital, Tongji Medical College, Huazhong University of Science and Technology. This clinical trial is registered in the Chinese Clinical Trial Registry (ChiCTR2100049106). The histologic grades of all HCC tissues were identified by the pathology department. Liver tissues were fixed with 4% paraformaldehyde, embedded in paraffin and made into 4 μm slices. Slices were dewaxed and incubated with diluted specific primary antibodies at 4°C overnight (Supplementary Table 3) and were subsequently incubated with biotinylated secondary antibody (Proteintech, Wuhan, China) at room temperature for 1 h. DAB chromogenic reagent was used to detect positive staining, and each section was counterstained with hematoxylin. An optical microscope (Olympus, BX-51, Tokyo, Japan) was used to take 40 × immunohistochemical images. For semi-quantitative immunostaining analysis, 5 random fields per slice were used to calculate average optical density, and ImageJ software (V1.8.0, National Institutes of Health) was used for analysis.



Statistical Analysis

All statistical analyses were conducted by R software v4.0.2 and Graphpad Prism software v8.0.2. “Wilcox test” was used to compare gene expression and immune scores between different groups. Univariate Cox and LASSO regression analyses were adopted to identify the prognostic signature. The OS and recurrence-free survival (RFS) were analyzed by Kaplan-Meier analysis with a log-rank test. Gene expression at different stages was compared with one-way ANOVA. Immunohistochemical statistical analysis and gene and protein expression in different cells were analyzed by unpaired t-test. P < 0.05 was considered statistically significant.



RESULTS


Building a Nine-Gene Amino Acid Metabolism-Related Risk Signature

There were 393 amino acid metabolic genes in the training set, and 327 amino acid metabolism-related genes were obtained after intersecting with the validation set. Further differential expression analysis showed that there were 140 differentially expressed genes (DEGs) in the training set (82 upregulated and 58 downregulated, Supplementary Table 4). The heatmap and volcano plot of 140 DEGs are drawn in Figures 1A,B. Next, we adopted the univariate Cox proportional hazard regression analysis to identify mRNAs related to OS. The 41 genes with prognostic value (p < 0.01) in univariate Cox regression were further analyzed by LASSO regression (Supplementary Table 5 and Figures 1C–E). The model was constructed by using the “glmnet” and “survival” R packages. Finally, 9 amino acid metabolism-related genes were chosen to establish a prognostic model, including B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1. Detailed information on nine genes is listed in Table 2. The risk score formula was as follows: Risk score = (0.0068∗expressionB3GAT3) + (0.0123∗ expressionB4GALT2) + (0.0001∗expressionCYB5R3) + (0.0072∗ expressionGNPDA1)—(0.0006∗ expressionGOT2) + (0.0071∗ expressionHEXB)—(2.5286e-05∗ expressionHMGCS2) + (0.0181∗ expressionPLOD2) + (0.0601∗ expressionSEPHS1).


TABLE 2. Detail information of nine genes in the risk signature.
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FIGURE 1. Visualization of differential amino acid metabolism-related genes. (A) The heatmap of differential amino acid metabolism-related genes. (B) The volcano plot of differential amino acid metabolism-related genes. (C) The forest plot of univariate Cox regression of OS related amino acid metabolism-related genes. (D,E) LASSO regression analysis.




Validating the Amino Acid Metabolism-Related Risk Signature

According to the formula, we calculated the risk scores of patients in the training set and validation set. Then we separated patients into high-risk and low-risk groups according to the median risk score. The K-M curves showed worse OS in the high-risk group than in the low-risk group in both the training set and validation set (p = 1.437e−08, and p = 1.35e−02, respectively) (Figures 2A,B). In Figure 3, we plotted heatmaps of gene expression and displayed the impact of risk scores on risk ranking, survival time and survival status. The results verified that the signature had significant prognostic value for HCC patients. The independent prognostic analysis of the univariate and multivariate Cox proportional hazard regression also verified the effective prognostic value (Figure 4). Furthermore, ROC curves were drawn to assess the efficiency of risk scores in predicting 1-, 2-, 3-, and 5- year survival. In the training set, the AUCs for 1-, 2-, 3-, and 5- year survival was 0.813 (P < 0.001, 95%CI:0.748–0.878), 0.770 (P < 0.001, 95%CI:0.705–0.835), 0.744 (P < 0.001, 95%CI:0.6690.820) and 0.702 (P < 0.001, 95%CI:0.611–0.793), respectively. In the validation set, the AUCs for 1-, 2-, 3-, and 5- year survival was 0.643 (P = 0.013, 95%CI:0.530–0.757), 0.696 (P < 0.001, 95%CI:0.615–0.777), 0.686 (P < 0.001, 95%CI:0.606–0.765) and 0.634 (P = 0.027, 95%CI:0.515−0.752), respectively (Figures 2C,D).
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FIGURE 2. The K-M curves of high-risk and low-risk groups in the training set (A) and validation set (B). The ROC curves of risk signature’s predicting performance in 1-, 2-, 3-, and 5-year survival for HCC patients in the training set (C) and validation set (D).
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FIGURE 3. Characteristics of risk scores and heatmaps of the amino acid metabolism-related gene signature. (A) The risk score, survival time, and status of patients in the training set. (B) The risk score, survival time, and status of patients in the validation set.
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FIGURE 4. Univariate and multivariate Cox analysis to evaluate independent prognostic value of the risk signature. (A) Univariate Cox analysis in the training set. (B) Multivariate Cox analysis in the training set. (C) Univariate Cox analysis in the validation set. (D) Multivariate Cox analysis in the validation set.




Validating the Nine Genes in External Databases

We analyzed the expression of nine genes in twenty types of cancers in the Oncomine database. The thresholds were as follows: p-value = 1E-4, fold change = 2, gene rank = Top 10%, and data type = mRNA. Nine genes were altered in different cancers (Figure 5A). GOT2 and HMGCS2 were downregulated in HCC, while PLOD2 and SEPHS1 were upregulated in HCC. The HCCDB database curated 15 public HCC expression datasets, among which the HCCDB18 dataset contained RNA-seq of 212 tumor and 177 adjacent normal tissues obtained from the ICGC-LIR-JP cohort. As shown in Figure 5B, B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, and SEPHS1 were significantly upregulated in HCC samples, while GOT2 and HMGCS2 were downregulated.
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FIGURE 5. The mRNA expression of the prognostic genes in HCC patients. (A) mRNA expression of the prognostic genes in 20 cancers from the Oncomine database. (B) mRNA expression of the prognostic genes between HCC and normal tissues in the HCCDB database.


We compared the protein expression encoded by the nine genes between HCC and normal liver tissues in the Human Protein Atlas (HPA) database. Consistent with the mRNA expression levels, GOT2 and HMGCS2 decreased in HCC tissues, and B4GALT2, CYB5R3, GNPDA1, HEXB, and SEPHS1 increased in HCC tissues. B3GAT3 and PLOD2 had no differential expression (Figure 6).
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FIGURE 6. Immunohistochemistry staining of the prognostic genes in HCC and normal liver tissues (the HPA database). Data are shown as mean ± SD, *p < 0.05, **p < 0.01, ***p < 0.001 vs normal liver tissues.


To verify the clinical performance of these nine genes, we discussed the relationship between mRNA levels and pathological stages according to the Gene Expression Profiling Interactive Analysis (GEPIA) database. GOT2 and HMGCS2 were gradually downregulated from stage I to stage IV, while B4GALT2, GNPDA1, PLOD2 and SEPHS1 were gradually upregulated from stage I to stage III (Figure 7A). We also explored the influence of each gene on OS and recurrence-free survival (RFS) of HCC patients. High expression of GOT2, HMGCS2 and low expression of B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, PLOD2, SEPHS1 correlated with favorable OS (Figure 7B). In addition, low expression of B3GAT3 and GNPDA1 and high expression of GOT2 correlated with favorable RFS (Figure 7C).
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FIGURE 7. The expression of prognostic genes in HCC and CHOL analyzed based on the GEPIA database. (A) The mRNA expression from stage I to stage IV in HCC patients. (B) The prognostic value of OS in HCC patients. (C) The prognostic value of RFS in HCC patients. (D) The mRNA expression in 9 normal liver tissues and 36 CHOL tissues.


Cholangiocarcinoma (CHOL) is the second most common subtype of liver cancer. To identify whether the prognostic signature is specific for HCC, we compared the expression of nine genes between CHOL and normal liver tissues based on the GEPIA database. B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, SEPHS1 were upregulated and GOT2 was downregulated in CHOL, which was consistent with expression in HCC (Figure 7D). However, PLOD2 and HMGCS2 had no difference between CHOL and normal liver tissues. These results may indicate that the risk signature is specific for HCC rather than other subtypes of liver cancer.



Creating Predictive Nomograms

Based on the final regression analysis, a nomogram was created that incorporated a 9-gene risk signature and clinicopathological parameters. In the training set, age, gender, grade, stage and risk score were chosen in the final model (Figure 8A). In the validation set, age, gender, main tumor size, multinodular status, TNM staging, BCLC staging, CLIP staging and risk score were chosen in the final model (Figure 8B). Both of the nomograms displayed good discrimination performance. The C-index were 0.786 (95%CI: 0.734–0.838) and 0.722 (95%CI: 0.665–0.779) in the training set and validation set, respectively. Besides, calibration plots showed that nomograms of both the training set and validation set had good agreements between the prediction and actual clinical survival outcomes (Figures 8C,D). A total score could be calculated to measure the 1-, 2-, 3-, and 5-year survival rates of HCC patients.
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FIGURE 8. Nomograms for predicting the OS of 1-, 2-, 3-, and 5-years in the training set (A) and validation set (B). Calibration plot of nomograms in the training set (C) and the validation set (D).




Functional Enrichment Analysis

We performed GSEA to clarify the enrichment pathways of the low-risk and high-risk groups in the training set. In the high-risk group, KEGG pathways were mainly enriched in the cell cycle, nucleotide metabolism, and immune-related pathways, including RIG-I like receptor signaling pathway, Toll-like receptor signaling pathway, and cytokine-cytokine receptor interaction. In the low-risk group, KEGG pathways mainly enriched in drug metabolism-cytochrome P450, amino acid metabolism and fatty acid metabolism (Figure 9A). In the high-risk group, biological processes were mostly enriched in the cell cycle, nuclear transport, P53 signaling, and diversification of immune molecules, and in the low-risk group, biological processes were mainly enriched in amino acid and fatty acid catabolic processes, toxin and drug metabolic processes (Figure 9B).
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FIGURE 9. Functional enrichment analysis of genes between high-risk and low-risk groups. (A) Result of GSEA analysis in the training set. (B) Result of GSEA analysis in the validation set. (C) Result of the infiltrating score of 22 immune cells in the training set. (D) Result of the infiltrating score of 22 immune cells in the validation set.


We subsequently explored the connection between the risk score and immune status. According to the CIBERSORTx database, we compared the infiltration scores of 22 immune cells in the low-risk group and the high-risk group. In the training set, the high-risk group had significantly higher infiltration of memory B cells, activated memory CD4+ T cells, T follicular helper (Tfh) cells, M0 macrophages, and neutrophils, while the low-risk group had significantly higher infiltration of naive B cells, resting memory CD4+ T cells, resting natural killer (NK) cells, activated NK cells, monocytes and activated mast cells (Figure 9C). In the validation set, the high-risk group had significantly higher scores of naive CD4+ T cells and M0 macrophages, and a lower score of Tfh cells (Figure 9D).



Validating the Nine Genes in Cells and Human Liver Tissues

We compared the mRNA levels of nine genes between the LO2 cell line and HCC cell lines (HepG2 and Hep3B) by qRT-PCR analysis. As shown in Figure 10A, expression of B3GAT3, CYB5R3, and PLOD2 were significantly higher in HepG2 cells than in LO2 cells, expression of B4GALT2 was significantly higher in Hep3B cells than in LO2 cells, and expression of GNPDA1, HEXB, SEPHS1 were significantly higher in both HepG2 and Hep3B cells compared with LO2 cells.
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FIGURE 10. The mRNA and protein expression of prognostic genes in LO2 cells, HepG2 cells and Hep3B cells. (A) The mRNA expression of nine genes analyzed by qRT-PCR. (B) The total protein expression of PLOD2, HEXB and HMGCS2 analyzed by western blot. Data are shown as mean ± SD, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001, ****p < 0.0001 vs. LO2 cells.


Protein expression analyzed by western blot showed that PLOD2 was significantly upregulated in HepG2 and Hep3B cells compared with LO2 cells, HEXB was significantly upregulated in HepG2 cells compared with LO2 cells, and HMGCS2 was significantly downregulated in Hep3B cells compared with LO2 cells (Figure 10B). Besides, immunohistochemistry analysis revealed that B4GALT2, CYB5R3, HEXB, PLOD2, and SEPHS1 were significantly upregulated while GOT2 was significantly downregulated in HCC tissues compared with adjacent normal tissues (Figure 11).
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FIGURE 11. Representative images of immunohistochemistry staining of prognostic genes in HCC and adjacent normal tissues. Data are shown as mean ± SD, **p < 0.01, ***p < 0.001, ****p < 0.0001 vs adjacent normal tissues.




DISCUSSION

Metabolism has been revealed to be closely correlated with epigenetics in cancer in recent years (Vander and DeBerardinis, 2017; Thakur and Chen, 2019). Aberrant metabolism promotes tumor proliferation and metastasis. Many metabolism-related genes have proven to be effective prognostic biomarkers. HCC has active metabolic reprogramming and amino acid metabolism is an important metabolic variation. Several studies have explored the energy metabolism-related risk signatures of HCC through bioinformatic methods (Zou et al., 2019; Liu et al., 2020; Tang et al., 2020). However, there is still a lack of bioinformatic research on amino acid metabolism-related genes in HCC. In this study, for the first time, we analyzed the characteristics of amino acid metabolism-related genes in HCC and built a risk signature correlated with OS. First, we identified 140 amino acid metabolism-related DEGs between HCC and normal liver tissues based on RNA-seq data. Next, we built an effective prognostic signature based on univariate Cox and LASSO regression. Nine genes are contained in this signature (B3GAT3, B4GALT2, CYB5R3, GNPDA1, GOT2, HEXB, HMGCS2, PLOD2, and SEPHS1).

Patients can be divided into high-risk and low-risk groups according to risk scores. K-M curves showed that low-risk patients had a longer survival time than high-risk patients. Furthermore, the ROC curve confirmed that the risk signature can effectively predict the 1-, 2-, 3-, and 5- year survival rates of HCC patients. Univariate and multivariate Cox analyses confirmed the independent prognostic value of the risk signature. Several studies in recent years have identified metabolism-related risk signatures for effectively predicting OS and have uncovered the importance of metabolism-related genes in the process of HCC development (Hu et al., 2020; Wu et al., 2021). Zhu’s study built a lipid metabolism-related prognostic signature and revealed that lipid metabolism-related genes are closely correlated with clinical characteristics, immune cells, and multiple biological functions of HCC (Zhu et al., 2021). However, this study did not build a predictive nomogram. Our study not only built the risk signature but also built nomograms based on the training set and validation set. Wu’s study (Wu et al., 2021) built a six-gene metabolism risk signature, which mainly focuses on nucleotide metabolism and lipid metabolism. However, our study mainly focuses on amino acid metabolism. Liu’s study built an amino acid metabolism-related prognostic signature of glioma and verified that risk scores closely correlated to different aspects of the malignancy of glioma (Liu et al., 2019). Consistently, our study verified the importance of energy metabolism disorders in HCC. We also emphasized that the amino acid metabolism-related genes played a vital role in the process of HCC development. Our study built a 9-gene signature that could effectively predict the OS of HCC patients in both the training set and validation set, and more importantly, it is a risk factor that is independent of clinicopathological factors.

Beta-1, 3-glucuronyltransferase 3 (B3GAT3) promotes the proliferation, metastasis and epithelial mesenchymal transition (EMT) process of the human HepG2 liver cancer cell line (Zhang Y. L. et al., 2019). Selenophosphate synthetase 1 (SEPHS1) promotes the expression of SMADs in liver cancer cells and stimulates the migration and invasion of tumors induced by TGF-β, which is negatively correlated with the OS and RFS of HCC patients (Yang et al., 2021). Glucosamine-6-phosphate deaminase 1 (GNPDA1) and procollagen-lysine (PLOD2) are upregulated in liver cancer and promote tumor proliferation and migration, which are correlated with poor prognosis (Du et al., 2017; Xia et al., 2021). Mutation of Beta-1, 4-galactosyltransferase 2 (B4GALT2) leads to abnormal glycosylation of proteins, promoting the development of colon cancer (Venkitachalam et al., 2016). Downregulation of glutamic-oxaloacetic transaminase 2 (GOT2) activates oxidative stress in human pancreatic ductal adenocarcinoma (PDAC) cells and inhibits the proliferation of pancreatic cancer (Yang et al., 2018). Downregulation of 3-hydroxy-3-methylglutaryl-CoA synthase 2 (HMGCS2) reduces ketone production, enhances the c-Myc/cyclinD1 and EMT signaling pathways, and inhibits caspase-dependent apoptosis pathways, which promotes tumor proliferation, migration and xenograft tumorigenesis in various cancers (Tang et al., 2017). The function of membrane-bound cytochrome b5 reductase 3 (CYB5R3) and hexosaminidase subunit beta (HEXB) on cancers is still unclear.

Combining several databases, our study found that the mRNA levels of B3GAT3, B4GALT2, CYB5R3, GNPDA1, HEXB, PLOD2, and SEPHS1 were increased in HCC tissues while mRNA levels of GOT2 and HMGCS2 were decreased in HCC tissues. In addition, the protein expression was consistent with the mRNA expression. Moreover, the expression of nine genes correlated with the prognosis of HCC patients. Interestingly, we noticed that PLOD2 and HMGCS2 had no difference between CHOL and normal liver tissues. These results may indicate that the risk signature is specific for HCC rather than other subtypes of liver cancer. We also verified the mRNA and protein expression of nine genes in HCC patient samples and cell lines, which showed consistent results with the public database mining results. In brief, our results verified the importance of B3GAT3, SEPHS1, PLOD2, and GNPDA1 in HCC development again. However, previous studies have lacked an exploration of B4GALT2, GOT2, and HMGCS2 changes in HCC. Our study disclosed the prognostic value of B4GALT2, GOT2, and HMGCS2 in HCC. CYB5R3 functions in drug metabolism, cholesterol biosynthesis, desaturation of fatty acids, and mitochondrial electron transport chain (ETC) activity (Fan et al., 2020). HEXB participates in catalyzing the degradation of the ganglioside GM2 (Kuil et al., 2019). No influence of two genes (CYB5R3 and HEXB) in cancers has been reported, but our study found that upregulation of CYB5R3 and HEXB was significantly linked to the poor prognosis of HCC patients. Next, we developed nomograms for predicting the 1-, 2-, 3-, and 5-year OS of HCC patients according to risk scores and clinicopathological characteristics.

We further performed pathway enrichment analysis. GSEA revealed that cell cycle regulation and synthesis of biological macromolecules were active in high-risk patients, which discloses the importance of amino acid metabolism-related genes in the energy metabolism process for tumor proliferation. Amino acid and fatty acid catabolic processes and toxin and drug metabolic processes were inhibited in high-risk patients, which indicates that amino acid metabolism-related genes may participate in tumorigenesis. We also noticed that immune response-related pathways were enriched. In our study, infiltration of memory B cells, activated memory CD4+ T cells, T follicular helper (Tfh) cells, and naive CD4+ T cells was upregulated while infiltration of naive B cells was downregulated in high-risk patients. It was reported that there was more B cells infiltration in HCC patients than in patients with cirrhosis and healthy people (Zhang et al., 2020). Upregulation of plasma cells and lower expression of naive B cells correlated with poorer prognosis (Zhang Z. et al., 2019). In addition, recent studies found that lower expression of CD8+ T cells can lead to immune dysfunction in HCC patients. Higher expression of Treg cells can interfere with cell cycle checkpoints and inhibit effector T cells, and promote the progression of HCC, which are factors related to poor prognosis of HCC. Consistently, our results revealed that changes in amino acid metabolism-related genes influence the ratio of different B and T cell subtypes, leading to an influence on prognosis. Our findings also show that high-risk patients have lower NK cell infiltration. It was reported that increased catabolism of Trp and Arg can induce apoptosis of NK cells, leading to tumor immune escape (Grohmann and Bronte, 2010). Therefore, abnormal expression of amino acid metabolism-related genes may promote immune escape by influencing NK cells in HCC proliferation. In addition, the proportion of neutrophils and M0 macrophages increased in high-risk patients in this study. Neutrophils influence tumor progression by releasing cytokines and chemokines with tumorigenic or antitumor functions (Haider et al., 2019). Zhou’s study also found that neutrophils can recruit macrophages and Treg cells to promote HCC proliferation and drug resistance (Zhou et al., 2016). It was found that M0 and M1 macrophages were significantly correlated with RFS in HBV-HCC and HCV-HCC (Hsiao et al., 2019). Combined with our results, abnormalities in amino acid metabolism-related genes may affect neutrophil function and the interaction between neutrophils and macrophages to promote HCC proliferation.



CONCLUSION

In conclusion, our study screens out amino acid metabolism-related genes which serve as potential prognostic biomarkers and builds a novel risk signature that is independently related to the overall survival of HCC. The findings provide an effective prediction of HCC prognosis and personalized therapy for liver cancer patients. The mechanisms related to amino acid metabolism-related genes and immune regulation during HCC development need further exploration.
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Background

Bladder cancer (BCa) is a commonly diagnosed malignancy worldwide that has poor survival depending on its intrinsic biologic aggressiveness and a peculiar radio- and chemoresistance features. Gaining a better understanding of tumorigenesis and developing new diagnosis and treatment strategies for BCa is important for improving BCa clinical outcome. SLC25 family member 21 (SLC25A21), a carrier transporting C5-C7 oxodicarboxylates, has been reported to contribute to oxoadipate acidemia. However, the potential role of SLC25A21 in cancer remains absolutely unknown.



Methods

The expression levels of SLC25A21 in BCa and normal tissues were examined by real-time PCR and immunohistochemistry. Gain-of- and loss-of-function experiments were performed to detect the biological functions of SLC25A21 in vitro and in vivo by CCK-8 assay, plate colony formation assay, cell migration, invasion assay and experimental animal models. The subcellular distribution of substrate mediated by SLC25A21, mitochondrial membrane potential and ROS production were assessed to explore the potential mechanism of SLC25A21 in BCa.



Results

We found that the expression of SLC25A21 was downregulated in BCa tissues compared to normal tissues. A significant positive correlation between decreased SLC25A21 expression and poor prognosis was observed in BCa patients. Overexpression of SLC25A21 significantly inhibited cell proliferation, migration and invasion and induced apoptosis in vitro. Moreover, the enhanced SLC25A21 expression significantly suppressed tumor growth in a xenograft mouse model. Furthermore, we revealed that SLC25A21 suppressed BCa growth by inducing the efflux of mitochondrial α-KG to the cytosol, decreasing to against oxidative stress, and activating the ROS-mediated mitochondrion-dependent apoptosis pathway.



Conclusions

Our findings provide the first link between SLC25A21 expression and BCa and demonstrate that SLC25A21 acts as a crucial suppressor in BCa progression, which may help to provide new targets for BCa intervention.
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Background

Bladder cancer (BCa) is one of the most common malignancies of the urinary system, with approximately 900,000 new cancer cases and 250,000 mortalities worldwide each year (1). Approximately 70% of all newly diagnosed BCa cases are non-muscle-invasive BCa (nmiBCa). However, up to 30% of nmiBCa patients will relapse or develop progression to muscle-invasive BCa (miBCa) (2, 3). Additionally, in 5-15% of patients with BCa, unresectable or metastatic disease is found at the time of diagnosis (4). The poor survival of BCa patients is related to the intrinsic biologic aggressiveness of this tumor and its peculiar radio- and chemoresistance. Therefore, efforts to gain a deep understanding of the pathogenic mechanisms contributing to BCa carcinogenesis to identify new effective targets for therapy are strongly suggested.

Mitochondria are in fact the gatekeepers of the eukaryotic cell viability through regulating programmed cell death and controlling nuclear functions via the production of reactive oxygen species (ROS) (5), the modulation of calcium levels (6), and the trafficking of small molecule metabolites (7). The transfer of metabolites through mitochondrial membranes is a vital process that is highly controlled and regulated by the inner mitochondrial membrane (IMM). To fulfill its functions, a myriad of mitochondrial carriers are properly expressed, located and folded in the IMM (8). Mitochondrial carriers constitute a large family of transport proteins that play important roles in the intracellular translocation of metabolites, nucleotides and coenzymes. Solute carrier family 25 (SLC25) is a six-transmembrane-helix mitochondrial inner membrane protein family that includes 53 members (8). SLC25 facilitates the transport of molecules involved in the urea and citric acid cycle, oxidative phosphorylation, and iron metabolism among other processes (9). Growing evidence shows that some members of the SLC25 family can also be involved either directly or indirectly in pathological states, including cancer (10–13). The major role of SLC25 family member 21 (SLC25A21), also known as the oxoadipate carrier (ODC), is to mediate the import of 2-oxoadipate into the mitochondrial matrix in exchange for 2-oxoglutarate (α-ketoglutarate, α-KG) out. Previous studies have reported that the SLC25A21 defects may contribute to oxoadipate acidemia, a neurological disorder that is characterized by excessive amounts of oxoadipate and aminoadipate (14). Deletion of the 14q13.3 region, which contains the SLC25A21 gene, has also been reported in lung cancer (15). However, little is known about the potential role of SLC25A21 in cancer, especially BCa.

The present study was designed to explore the effects of SLC25A21 on BCa progression and the potential mechanisms. We identified that the expression levels of SLC25A21 were downregulated in BCa tissues by real-time PCR and immunohistochemistry. We further demonstrated the effects of SLC25A21 on cellular biological behaviors both in vitro and in vivo by gain- and loss-of-function experiments. We further presented evidence that SLC25A21 induces the efflux of mitochondrial α-KG to the cytosol and activates the ROS-mediated apoptosis pathway. Our findings provide novel insights into the roles of SLC25A21 in the tumorigenesis and progression of BCa, which may help to provide new therapeutic targets for BCa.



Methods and Materials


Ethics Statement

The use of tissues for this study has been approved by the ethics committee of Nanfang Hospital, Southern Medical University (Guangzhou, China). All of the patients signed an informed consent before the use of these clinical materials for research purposes. Moreover, the animal experiments were performed in strict accordance with the recommendations in the Guide for the Care and Use of Laboratory Animals of the National Institutes of Health. The protocol was approved by the Committee on the Ethics of Animal Experiments of Southern Medical University.



Cell Lines and Tissue Specimens

The human normal ureter epithelial cell line (SV-HUC-1) and bladder cancer T24, EJ, BIU-87 and UMUC3 cells were obtained from American Type Culture Collection (ATCC, Manassas, VA, USA). UMUC3 cells were maintained in DMEM (Gibco, Gaithersburg, MD, USA) and T24, EJ and BIU-87 cells were maintained in RPMI-1640 medium (Gibco) supplemented with 10% fetal bovine serum (FBS Gibco) and 1% penicillin G sodium/streptomycin sulfate. SV-HUC-1 cells were cultured in F-12K medium (Gibco) with 10% FBS, 2 mmol/L L-glutamine and 1500 mg/L sodium bicarbonate. All of the cell lines were cultured at 37°C and 5% CO2 in a humidified incubator. All cell lines were used at early passages.

The tissue samples used for this study were obtained from randomly selected patients with a diagnosis of primary BCa from biopsy, transurethral resection of bladder tumor or radical cystectomy in Nanfang Hospital, Southern Medical University. Freshly frozen samples from BCa patients were selected for real-time PCR. 56 formalin-fixed paraffin-embedded BCa tissues and 20 adjacent non-tumor tissues were used to construct a tissue microarray (TMA) for investigating the expression of SLC25A21 protein using immunohistochemistry (IHC). One 0.6 mm tissues core had been punched out from representative regions of each tissue block, and was transferred into a TMA format as previously described (16). Tumor grade and stage assessments were made according to the World Health Organization (WHO) 2004 standard and Union for International Control Cancer (UICC) TNM system. The time of follow-up range from 3-82 months. The clinicopathological features of the case cohort are list in Table 1.


Table 1 | Correlation between the clinicopathological features and expression of SLC25A21 in BCa.





GEO Data Analysis

Microarray datasets were downloaded from public GEO database (https://www.ncbi.nlm.nih.gov/geo/) and normalized using the robust multichip average (RMA) with R/Bioconductor packages including affy (17). GSE3167 and GSE68020 datasets are analyzed in present study. GSE3167 dataset includes superficial transitional cell carcinoma (sTCC) with surrounding CIS (13 patients), without surrounding CIS lesions (15 patients), in muscle invasive carcinomas (mTCC; 13 patients). GSE68020 includes 30 high-grade urothelial carcinoma and 20 benign tissues.



RNA Isolation and Real- Time PCR

Total RNA from tissues and cell lines were extracted using Trizol reagent (Takara, Dalian, China) according to the manufacturer’s protocol. The cDNA was synthesized with 500 ng total RNA by using PrimeScript RT Reagent Kit (Takara). Real-time PCR was carried out using SYBR® Rremix Ex TaqTM (Takara) as described previously (18). GAPDH was used as an internal control. The assay was performed in triplicate. All primer sequences are listed in Supplement Information S1.



IHC Staining and Scoring

IHC was performed on 3-μm sections of paraffin-embedded tissue samples. The sections were deparaffinized with xylene and rehydrated with descending ethanol concentrations, and then were treated with Peroxidase Blocking Reagent (Dako, Glostrup, Denmark) for 5 min, followed by incubation with SLCA5A21 primary antibody (1:80, Affinity Biosciences, OH, USA, Cat# DF4172) at 4°C overnight. After incubation with the secondary antibody at room temperature for 1 h. Immunodetection was performed with the diaminobenzidine (DAB) reagent (Dako) according the manufacturer’s protocol, and the reaction time of each section was consistent, followed by counterstaining with hematoxylin.

The IHC-stained tissue sections were reviewed and scored separately in a double-blinded manner. Scores were determined based on both the intensity and proportion of SLC25A21-positive cells as described previously (19, 20). The staining score ranged from 0 to 4, corresponding to the percentage of immunoreactive tumor cells (0%, 1-25%, 26-50%, 51-75%, or 76-100%). The staining intensity scores were as follows: negative (0), weak (score = 1), medium (score = 2) or strong (score = 3). A total score of 0 to 12 was calculated by multiplying the staining degree score by the intensity score. The final staining score of ≥ 3 was considered to indicate high level of SLC25A21.



Construction of Cell Lines With Stably Overexpressed SLC25A21

The full-length open reading frame of human SLC25A21 was amplified and cloned into the pcDNA3.1 vector. BCa cell lines EJ and T24 were transfected with pcDNA3.1-SLC25A21 using Lipofectamine 3000 reagent (Thermo Fisher Scientific, IL, USA). The empty pcDNA3.1 vector was used as the control. G418 was used to select stable SLC25A21-overexpressing cells. The expression levels of SLC25A21 were determined by real-time PCR and western blotting analysis.



Oligonucleotide Transfection

The siRNAs targeting SLC25A21 and negative control siRNA (silencer negative control siRNA) were synthesized (GenePharma, Shanghai, China). Oligonucleotides transfection was performed with Lipofectamine 3000 following the manufacturer’s protocol. Target sequences for siRNAs were shown in Supplement Information S2.



Cell Proliferation

Cell proliferation was assessed using the Cell Counting Kit-8 kit (Dojindo Laboratories, Kyushu Island, Japan) according to the manufacturer’s instructions. In brief, BCa cells were seeded in 96-well plates at 8 × 102 cells per well. The results are reflected in the form of the absorbance optical density at 450 nm using a microplate reader (BioTek, VT, USA). The experiments were conducted in triplicate.



Colony Formation Assay

Colony formation assays in vitro were performed according to standard protocols as previously described (21, 22). In brief, BCa cells were seeded in 6-well plates at 2 × 102 cells per well and cultured in medium containing 10% FBS. After 2 weeks of culture, cell colonies were fixed with methanol for 30 min and stained with Giemsa for 15 min. The surviving colonies (≥50 cells per colony) were then counted under a microscope. The experiments were performed at least in triplicate.



Cell Cycle Analysis and Apoptosis Analysis

Apoptosis analysis was performed by flow cytometry by a BD FACSCanto II Flow Cytometer (BD Bioscience, San Jose, CA, USA). The cells were collected and washed twice with ice-cold PBS, resuspended in 200 μl binding buffer and stained with the Annexin V-FITC Detection Kit (Genechem, Shanghai, China) according to the manufacturer’s instructions. Early apoptosis was determined based on the percentage of cells with annexin V+/PI- staining, while late apoptosis was determine based on the percentage of cells with annexin V+/PI+ staining. The experiments were performed at least in triplicate.

For cell cycle, cells were harvested after 48 h transfection and fixed in ice-cold 70% ehanol at 4°C overnight. Cells were then resuspended in propidium iodide solution (Genechem) according to the manufacturer’s protocol and subjected to analysis using flow cytometry (BD).



Wound Healing Assays

A wound healing assay was conducted to measure the migration of BCa cells. Cell migration was assessed by measuring the movement of cells into a scraped, acellular area by a 200 μL pipette tube in 6-well plates. The spread of wound closure was observed every 24 h. Migration ability was quantified by measuring the rate of cell migration toward the original wound field. The rate of cell migration were measured according to the formula: RM (Rate of cell migration (μm/h)) = (Wi -Wf)/t, Wi indicates initial wound width (μm), Wf indicates final wound width (μm) and t indicates duration of migration (hour), as described previously (23).



Transwell Invasion Assays

Cell invasion assays were performed in Transwell chambers (BD Biosciences, San Jose, CA, USA) containing 8-μm pores in 24-well plates. A total of 1× 105 cells were starved overnight and seeded into the upper chamber of the transwell, which had been pretreated with 60 μl Matrigel for 4 h, in 200 μl of serum-free medium. The lower chamber was supplemented with 500 μl of medium with 10% FBS. After incubation at 37°C for 24 to 72 h, noninvading cells in the upper chamber were scraped off with a cotton swab, and invading cells stuck to the lower surface of the membrane were fixed in 100% methanol for 30 min and stained with Giemsa solution for 15 min. The cells were counted randomly for five fields of each membrane under a light microscope. The experiments were performed at least in triplicate.



In Vivo Functional Assays in Nude Mouse Models

Male, 4- to 6-week-old Balb/C-nu/nu nude mice were obtained from the Laboratory Animal Centre of Southern Medical University. Stably overexpressing SLC25A21 EJ cells and control cells were used to produce subcutaneous xenograft models. The nude mice were divided randomly into two groups (5 mice per group). A total of 2 × 106 SLC25A21-overexpressing EJ cells or control cells were subcutaneously injected into the right flank of mice, respectively. Tumor growth was measured every 3 days with a digital caliper. Tumor volume was calculated according to the formula: V (volume) = (D × d2)/2 (D indicates the longest diameter and d indicates the shortest diameter). After 30 days of monitoring, the mice were sacrificed by cervical dislocation, and the xenografts were removed and subjected to histological examination. This investigation was carried out in strict accordance with ethical standards in the Guide for the Care and Use of Laboratory Animals of the National Institutes of Health. The protocol was approved by the Committee on the Ethics of Animal Experiments of Southern Medical University.



Mitochondria Isolation and Determination of α-KG

Mitochondria extraction was conducted according to the instructions of the Mitochondria Isolation Kit (Beyotime Biotechnology, Jiangsu, China). Briefly, at least 2 × 107 cells were harvested and then centrifuged at 600 × g at 4°C for 5 min. Mitochondrial isolation buffer was used to resuspend the pellet. The mixture was placed on ice for 15 min and then ground and centrifuged at 1000 × g at 4°C for 10 min. The supernatant was collected and centrifuged at 3500 × g at 4°C for 10 min. The pellet contained the mitochondria. The supernatant was collected and centrifuged at 12,000 × g at 4°C for 10 min. The supernatant contained the cytosolic fraction. Mitochondria were resuspended in mitochondria isolation buffer and centrifuged again at 3500 × g at 4°C for 10 min to obtain purified mitochondria. The levels of α-KG in the mitochondria and cytosolic fraction were determined using α-ketoglutarate (α-KG) enzyme-linked immunosorbent assay (ELISA) kits according to the documents of the manufacturer (JianglaiLab, Shanghai, China). In brief, 10 µL cell lysate and 40 µL sample diluent were added to the ELISA kit wells containing solid-phase antibody. After incubation at 37°C for 30 min, all the wells were washed five times with wash solution. Then, except for the blank wells, 50 µL horseradish peroxidase-conjugate reagent was added to each well. After incubation at 37°C for 30 min, all the wells were washed five times with wash solution again, and then 50 µL chromogen solution A and 50 µL chromogen solution B were added to each well. The reaction mixture was incubated at 37°C for 15 min in the dark. Finally, 50 µL stop solution was added to each well to stop the reaction, and read the absorbance at 450 nm within 15 min. The concentrations of α-KG in the mitochondria and cytosolic fraction were calculated according to the standard curve prepared following the direction of the kit. Data were expressed as mean ± standard deviation (SD) of three separate measurements.



Mitochondrial Membrane Potential (Δψm)

Changes in the Δψm during the early stages of apoptosis were assayed using the Mitochondrial Membrane Potential Assay kit with JC-1 (Beyotime, Shanghai, China) as described previously (24). Briefly, 5 × 104 cells were harvested and incubated with JC-1 at 37°C for 20 min in the dark. The stained cells were washed with ice-cold working solution twice and then analyzed by flow cytometry (BD). JC-1 aggregates in the polarized mitochondrial matrix and forms J-aggregates, which emit red fluorescence at 595 nm when excited at 525 nm. However, JC-1 cannot aggregate in the depolarized mitochondrial matrix and exists as JC-1 monomers, which emit green fluorescence at 525 nm when excited at 485 nm. Mitochondrial depolarization is indicated by a decrease in the red/green fluorescence intensity ratio.



ROS Production

The ROS levels were detected with the Human ROS ELISA Kit and analyzed with a microplate reader according to the documents of the manufacturer (JianglaiLab, Shanghai, China).



Western Blotting

Cells were lysed in prechilled RIPA buffer containing phosphatase inhibitors, protease inhibitors and PMSF. The protein extracts were loaded on each line of a 10% SDS-PAGE gel and transferred to polyvinylidene fluoride (PVDF) membranes (Millipore, Darmstadt, Germany). The membranes were blocked in 5% skimmed milk in 1 × PBS-T (0.5% Tween-20) and incubated overnight at 4°C with the following primary antibodies: anti-SLC25A21 (1:500; Affinity Biosciences), anti-cytochrome C (1:500; Affinity Biosciences), anti-caspase-9 (1:800; Affinity Biosciences), anti-cleaved caspase-9 (1:800; Affinity Biosciences), anti-caspase-3 (1:800; Affinity Biosciences), and anti-cleaved caspase-3 (1:800; Affinity Biosciences). Anti-tubulin (1:1000; Proteintech Group, Wuhan, China) was used as protein-loading control. Blots were incubated with HRP-conjugated secondary antibodies for 1 h at room temperature, and visualized with ECL Western Blotting Substrate (ThermoFisher Scientific).



Statistical Analysis

All statistical analyses were performed using SPSS version 16.0 software (SPSS, Chicago, Illinois, USA). Differences between groups were identified using a two-tailed Student’s t-test. Associations between SLC25A21 expression and clinicopathological characteristics were determined by the χ2 test. Survival curves were plotted by the Kaplan–Meier method and compared by the log-rank test. The significance of various variables for survival was analyzed by the Cox proportional hazards model for multivariate analyses. A probability value of 0.05 or less was considered to be significant.




Results


SLC25A21 Is Downregulated in BCa and Is Negatively Associated With Poor Prognosis in BCa Patients

To evaluate the expression levels of endogenous SLC25A21 in BCa, we first examined SLC25A21 mRNA expression in 20 BCa tissues and their pair-matched noncancerous tissue samples using real-time PCR. As shown in Figure 1A, SLC25A21 mRNA was significantly downregulated in BCa tissues compared to nontumor tissues (P<0.001). Meanwhile, SLC25A21 mRNA levels was down-regulated in all the BCa cell lines compared with a normal cell line (SV-HUC-1) cells (P <0.05, Supplementary Figure S1). To further confirm the levels of SLC25A21 expression in BCa, we also analyzed the SLC25A21 expression in public datasets from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) database. By analyzing the TCGA, we also found that SLC25A21 was lower expressed in transcript levels in BCa than in normal bladder mucosa according to a Gene Expression Profiling Interactive Analysis website (GEPIA) (gepia.cancer-pku.cn/) (Figure 1B). In addition, consistent with our results, SLC25A21 was expressed at lower levels in BCa tissues than in normal tissues in GSE3167 and GSE68020 datasets (Figures 1C, D).




Figure 1 | SLC25A21 is downregulated in BCa and negatively associated with poor prognosis in BCa patients. (A) Expression levels of SLC25A21 mRNA in BCa and pair-matched noncancerous tissue samples. (B–D) Analysis of SLC25A21 expression in BCa compared with noncancerous tissue according to RNA-seq in TCGA database and BCa microarray profile (GSE3167 and GSE68020) (E) Expression analysis of SLC25A21 protein in BCa and normal bladder mucosa tissues by IHC. Scale bars, 100 μm (200x) or 50 μm (400x). (F) Correlation between SLC25A21 protein expression and overall survival in BCa patients (log-rank P =0.044).



To evaluate whether SLC25A21 expression was associated with the clinicopathologic features of BCa patients, we further performed immunostaining with SLC25A21 antibody in tissue microarrays using IHC and observed that SLC25A21 was highly expressed in 60.00% (12 of 20) of normal tissues and only in 33.93% (19 of 56) of BCa samples. The levels of SLC25A21 were significantly downregulated in BCa tissues (P =0.042, Figure 1E). The SLC25A21 immunoreactivity scores showed that the lower levels of SLC25A21 expression were associated with tumor invasion and T stage (Table 1). In addition, we also analyzed the prognostic significance of SLC25A21 expression in patients with BCa. As shown in Figure 1F, it was revealed that low expression of SLC25A21 was significantly correlated with poor survival in BCa patients (log rank P = 0.044). Taken together, these findings suggest that SLC25A21 expression is downregulated in BCa and that low SLC25A21 expression is a poor prognostic biomarker for patients with BCa, which indicates that SLC25A21 might behave as a suppressor in BCa.



Overexpression of SLC25A21 Inhibits the Growth, Migration and Invasion of BCa Cells In Vitro

To investigate whether SLC25A21 plays an important role in the biological behavior of BCa carcinogenesis, we established stable SLC25A21-overexpressing BCa cells and SLC25A21-depleted BCa cells. EJ and T24 cells which have relatively low endogenous mRNA expression were used to establish two BCa cell lines with stable SLC25A21 overexpression. Real-time PCR and western blotting analyses revealed that the relative level of SLC25A21 in BCa cells was significantly increased compared to that in control cell lines (Figures 2A, B). CCK8 assays revealed a significantly slower proliferation rate in SLC25A21-overexpressing EJ and T24 cells than in control cells (P<0.001, Figure 2C). In the colony formation assay, both SLC25A21 overexpression obviously suppressed colony formation in both BCa cell lines (EJ, P = 0.0028 and T24, P = 0.0103, Figure 2D).




Figure 2 | SLC25A21 overexpression inhibits the cell proliferation, migration and invasion and induces the apoptosis of BCa cells in vitro. (A, B) Increased expression of SLC25A21 after transfection of the pcDNA3.1-SLC25A21 vector was confirmed in two BCa cell lines by real-time RT-PCR (A) and western blotting (B). (C) SLC25A21 overexpression inhibits the proliferation of EJ and T24 cells. (D) SLC25A21 overexpression decreased the colony formation capacity of EJ and T24 cells. (E) The migration ability of BCa cells overexpressing SLC25A21 was decreased, as indicated by the wound healing assay. (F) Matrigel invasion chamber assays showed that SLC25A21 overexpression inhibited the invasiveness of both EJ and T24 cells. Representative images (left) and quantitative analyses (right) are shown. (G) SLC25A21 overexpression induced the apoptosis rate relative to control cells. Data are presented as the mean ± SD. The results were reproducible in three independent experiments. *P < 0.05, **P < 0.01, and ***P < 0.001.



We also examined the effects of SLC25A21 overexpression on BCa cell migration and invasion. Wound healing assays were performed to explore the effects on the migration ability of BCa cells after enforcing the expression of SLC25A21. The results suggested that SLC25A21 upregulation inhibited the rate of migration of BCa cells (EJ cells, P=0.0211 and T24 cells, P=0.0181, Figure 2E). Cell invasion analysis demonstrated that the exogenous SLC25A21 overexpression in two different BCa cell lines significantly inhibited cancer cell invasion through Matrigel, a basement-membrane- like extracellular matrix (P<0.001, Figure 2F).



Overexpression of SLC25A21 Induces Cell Apoptosis in BCa Cells

Based on the results of CCK-8 and colony formation assays, we next investigated the potential mechanisms underlying the growth-inhibitory effects of SLC25A21 overexpression. The results of the flow cytometry cell cycle assays in two SLC25A21-overexpressing cell lines were inconsistent. SLC25A21 overexpression induced G1 phase cell cycle arrest in EJ cells (P=0.0043) and reduced the G1 phase cell population in (P=0.0079, Supplementary Figure S2). However, the upregulation of SLC25A21 expression resulted in an increased percentage of early apoptosis (EJ, P = 0.0092 and T24, P = 0.0138, Figure 2G and Supplementary Figure S3) in both BCa cell lines compared with controls. In short, these data indicate that the SLC25A21-mediated decrease in cell proliferation is modulated by apoptosis, rather than by the G1-S checkpoint.



SLC25A21 Overexpression Suppressed Tumor Growth of BCa Cells In Vivo

In light of our in vitro findings, we also assessed the effects of SLC25A21 overexpression on the growth of xenograft tumors in vivo. EJ cells with SLC25A21-overexpressing and control cells were subcutaneously inoculated into nude mice. As shown in Figures 3A, B, compared with control cells, SLC25A21 overexpression significantly inhibited BCa cell growth in vivo (P=0.0392). The tumor weight was lower in the stable SLC25A21overexpression group than in the control groups (P=0.0293, Figure 3C). These results suggest that SLC25A21 exerts a significant inhibitory effect on BCa tumorigenesis in vivo.




Figure 3 | SLC25A21 overexpression suppresses BCa cell proliferation in vivo. (A) SLC25A21 overexpression inhibited subcutaneous tumor formation in nude mice. EJ cells with SLC25A21 upregulation and control cells were inoculated into nude mice (n = 5 per group). (A) The xenografts of 30 days after ectopic-subcutaneous implantation of with SLC25A21 overexpressing and control cells into nude mice. (B, C) The effect of SLC25A21 overexpression on BCa tumor growth was evaluated based on tumor volume (B) and tumor weight (C) in the two groups. *P < 0.05.





SLC25A21 Knockdown Promotes BCa Cell Proliferation, Migration and Invasion and Inhibits Cell Apoptosis In Vitro

To assess the effect of reducing SLC25A21 expression in BCa, we next knocked down SLC25A21 levels by siRNA transfection in BIU-87 and UMUC3 cells, which have relatively high endogenous SLC25A21 expression. A considerable reduction in SLC25A21 was observed in both SLC25A21-depleted BCa cell lines (Figures 4A, B). The results of CCK8 and colony formation assays showed that both BCa cell lines with SLC25A21 knocked down had a significant growth advantage over the respective cells transfected with negative control siRNA (P<0.01, Figures 4C, D). Moreover, SLC25A21 knockdown inhibited cell apoptosis in BIU-87 (P=0.0014) and in UMUC3 cells (P<0.0001, Figure 4E). In addition, markedly higher migration rates and stronger invasiveness were observed in SLC25A21-depleted BIU-87 and SLC25A21-depleted UMUC3 cells, as revealed by the wound healing assay (BIU-87 cells, P=0.0254 and UMUC3 cells, P=0.0214, Figure 4F) and Transwell migration assay (P<0.0001, Figure 4G).




Figure 4 | siRNA-mediated knockdown of SLC25A21 promotes BCa cell proliferation, migration and invasion, and represses cell apoptosis in vitro. (A, B) Depletion of SLC25A21 after transient transfection of siRNA targeting SLC25A21 was confirmed in two BCa cell lines by real-time RT-PCR (A) and western blotting (B). (C, D) The effects of SLC25A21 downregulation on BCa cell proliferation by CCK-8 (C) and colony formation assays (D). (E) The effects of SLC25A21 depletion on cell apoptosis (E) by flow cytometry. (F) The effects of SLC25A21 depletion on the migration ability of BCa cells by using a wound healing assay. (G) Invasion assays were used to determine the effects of SLC25A21 depletion on the invasion ability of BCa cells. Representative images (left) and quantitative analyses (right) are shown. Data are expressed as the means ± SD of three independent experiments. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001.





SLC25A21 Overexpression Induces Cell Apoptosis by the α-KG-Mediated ROS Pathway in BCa

We next studied the molecular mechanisms by which SLC25A21 affects proliferation. Because the function of SLC25A21 is linked to the transport of C5-C7 oxodicarboxylates, including α-KG, across the IMM, we speculated that aberrant SLC25A21 expression directly changes α-KG levels in the mitochondria. Therefore, we assessed the subcellular distribution of α-KG mediated by SLC25A21. SLC25A21 overexpression significantly increased α-KG levels in the cytosol and decreased α-KG levels in the mitochondria in T24 cells (cytosol, P=0.0150 and mitochondria, P=0.0284, Figure 5A, left). Moreover, SLC25A21 knockdown mediated by siRNA significantly elevated α-KG levels in the mitochondria of UMUC3 cells compared those after transfection with a negative control siRNA (P<0.001, Figure 5A, right). The oxidative metabolism of α-KG produces succinate in the mitochondria. Indeed, decreased levels of the succinate were observed in the mitochondria of BCa cells with SLC25A21 overexpressing (P=0.0032, Figure 5B, left). In contrast, the levels of succinate in the mitochondria were reduced in SLC25A21-depleted UMUC3 cells, further supporting the view that upregulation of SLC25A21 promoted the efflux of α-KG from mitochondria (P=0.0028, Figure 5B, right).




Figure 5 | SLC25A21 overexpression induces cell apoptosis by the α-KG-mediated ROS pathway in BCa. (A) SLC25A21 promoted the efflux of α-KG from the mitochondria to the cytosol. (B) The levels of α-KG in the mitochondria affected succinate production. (C) The upregulation of SLC25A21 promoted ROS accumulation in BCa cells. (D) The upregulation of SLC25A21 decreased Δψm in both BCa cell lines. (E) Western blot assays showed that SLC25A21 induced cyto C transfer from the mitochondria to the cytosol and increased the activation of caspase-9 and caspase-3 in BCa cells. (F) Immunohistochemistry showed that SLC25A21 increased the activation of caspase-9 and caspase-3 in BCa xenograft tissues. (G) Schematic diagram showing the mechanism of action of SLC25A21 on cell apoptosis in BCa. The results were reproducible in three independent experiments. *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001.



Because ROS generation is augmented by mitochondrial dysfunction, we next investigated whether SLC25A21 induces ROS production. The results showed that with the reduction of α-KG levels in the mitochondria, the upregulation of SLC25A21 in the two cell lines resulted in significantly higher ROS accumulation compared with the corresponding control group, which indicated a weaker ability to survive oxidative stress (T24 cells, P=0.0341 and EJ cells, P=0.0348, Figure 5C). We also evaluated the effects of SLC25A21 on Δψm in both SLC25A21-overexpressing cells by flow cytometry. As shown in Figure 5D, a decreased Δψm was observed in both SLC25A21-overexpressing BCa cell lines. T24 cells with SLC25A21-overexpressing exhibited a Δψm decline of more than 36.3% (P<0.0001), and EJ cells showed a 13.3% decline (P=0.0012) compared to the control. It has been reported to participate in triggering caspase-dependent apoptosis by regulating Δψm. The results of western blotting showed that SLC25A21 induced cytochrome C (cyto C) transfer from mitochondria to the cytosol in BCa cells. In addition, we also found that SLC25A21 overexpression increased the activation of caspase-3 and caspase-9 in BCa cell lines and xenografts tissues (Figures 5E, F), suggesting that SLC25A21 triggers mitochondrial apoptotic pathways in BCa. Hence, these data indicate that SLC25A21 activates the mitochondrial apoptosis pathway by inducing α-KG efflux from the mitochondria to the cytosol, and then increasing ROS levels, thereby activating cell apoptosis (Figure 5G).




Discussion

In the present study, we illustrated that the downregulation of SLC25A21 plays a key role in promoting human BCa development. Our data showed that SLC25A21 is strongly downregulated in BCa tissues and is especially positively correlated with an invasion and poor outcome in BCa patients. We validated SLC25A21 as an important tumor suppressor gene in BCa by gain- and loss-of-function experiments in vitro and in vivo. Interestingly, we also found that SLC25A21 promoted the efflux of α-KG from the mitochondria and increased ROS levels, resulting in the activation of the mitochondrial apoptosis pathway. Thus, our study provides strong evidence supporting the tumor suppressor roles of SLC25A21 in BCa.

SLC25 is a large family of nuclear-encoded transporters embedded in the IMM and, in a few cases, other organelle membranes. The members of this superfamily are widespread in eukaryotes and are involved in numerous metabolic pathways and cell functions (9). In recent years mutations in the SLC25 genes have been shown to be responsible for some diseases (9), highlighting the important role of SLC25 in physiological and pathological implications.

Human SLCA25A21 is ubiquitously expressed with very little variation between tissues (14). The best substrates for SLC25A21 are 2-oxoadipate and α-KG (14). The physiological role of SLC25A21 involves in 2-oxoadipate acidemia, which is accompanied by the accumulation and excretion of large amounts of 2-oxoadipate, 2-aminoadipate and 2-hydroxyadipate in urine (14). Harris and colleagues first reported that the deletion of SLC25A21 appears to be associated with lung cancer (15). However, the effects and mechanisms responsible for these diseases have not been characterized. In the present study, we revealed that the SLC25A21 expression are significantly downregulated in BCa tissues compared with normal bladder epithelial tissues, in accordance with the results from our real-time RT-PCR, IHC and TCGA and GSEA database analyses, and we determined that low expression of SCL25A21 is significantly associated with invasion and poor survival in BCa patients. These data indicate that the downregulation of SLCA25A21 expression could serve as a predictor of a higher risk of BCa progression.

To highlight the function of SLC25A21 in BCa, we further explored the critical effects of SLC25A21 on cell behaviors in BCa by gain- and loss-of-function experiments. Our results identified that SLC25A21 acts as a tumor suppressor results from the overexpression of SLC25A21 inhibits cell growth and facilitates cell apoptosis in BCa in vitro and in vivo. To the best of our knowledge, our study provides the first evidence that SLC25A21 plays a critical role in tumors, especially BCa, which suggesting SLC25A21 as a potential predictor and therapeutic target for BCa progression.

Many new functions have been ascribed to SLC25 in tumors from data generated over the last year (10, 12). For example, SLC25A22, a glutamate carrier that facilitates the transport of glutamate across the IMM into the mitochondria matrix, promotes cell proliferation and tumor progression of colorectal cancer with KRAS mutations via intracellular synthesis of aspartate (10). The knockdown of SLC25A10 changes the growth properties to a less malignant phenotype and causes increased glutamine dependency and sensitivity to oxidative stress in human lung adenocarcinoma cells, suggesting SLC25A10 as a novel target for anticancer strategies (13). However, the mechanisms by which SLC25A21 mediates the progression of BCa remain unknown.

The main physiological function of human SLC25A21 is probably to catalyze the uptake of 2-oxoadipate into the mitochondria and the efflux of α-KG from the mitochondria to the cytosol. α-KG is an intermediate of the tricarboxylic acid cycle (TAC) that plays important roles in cell metabolism and physiology. As a biological substance, α-KG is essential for the oxidation of fatty acids, amino acids and glucose, and serves as the carbon skeleton for the synthesis of glutamate and glutamine (25). Additionally, it has been established that α-KG can act as a true antioxidant, because it directly reacts with hydrogen peroxide (H2O2) to form succinate, water, and carbon dioxide (26, 27). The supplementation of α-KG can directly or indirectly stimulate endogenous antioxidant defense (28, 29). Therefore, we speculated that SLC25A21 depletion-mediated α-KG arrest in mitochondria may reduce ROS generation in BCa. Indeed, when higher levels of mitochondrial α-KG are present in SLC25A21-depleted BCa cells, ROS production is significantly decreased, accompanied by an increase in succinate in the mitochondria and vice versa. These results suggest that SLC25A21 can directly protect against oxidative stress by restricting the efflux of α-KG in the mitochondria.

ROS may exhibit a dual role in promoting or suppressing cancer formation. Although upregulation of ROS is known to promote tumorigenesis, growing evidence suggests that excessive accumulation of ROS leads to cell apoptosis (30, 31). Apoptosis, a type of programmed cell death, is an important pathway for regulating homeostasis and morphogenesis and is associated with various diseases, especially cancer. Apoptosis is controlled by two principal pathways, including the death receptor-mediated extrinsic pathway and the mitochondrion-dependent intrinsic pathway (30). The intrinsic pathway is much more protean but mitochondrial membrane permeabilization (MMP) is a crucial step in the signaling cascade. MMP is triggered by a variety of stimuli, such as hypoxia, oxidative stress, DNA damage, and so on. All of them can induce Δψm loss in the mitochondria. The mitochondrial apoptosis pathway starts with mitochondrial depolarization, triggering the release of cyto C into the cytosol, thereby activating caspase-9 and caspase-3, and ultimately leading to apoptosis (32). Here, we also found that SLC25A21 reduced MMP and induced the subsequent following efflux of mitochondrial cyto C to the cytosol and activation of caspase 9 and caspase 3. The elevation of intracellular ROS levels mediated SLC25A21 overexpression-induced apoptosis in BCa cell lines, which may explain why SLC25A21 overexpression decreased the cell proliferation and colony formation ability of BCa cells in vitro and in vivo. In addition, our results also revealed that SCL25A21 downregulation is significantly associated with invasion state of BCa patients and promoted tumor cell migration and invasion. Recently, Wu et al. founded that cancer-derived succinate promotes macrophage polarization and cancer metastasis in murine and human lung cancer cells (33). Moreover, previous studies have reported that the accumulation of fumarate in mouse and human cells elicits an epithelial-to-mesenchymal-transition (EMT) (34). Frezza et al. reported that the fumarate inhibits Tet-mediated demethylation of a regulatory region of the antimetastastic miRNA cluster, leading to the expression of EMT-related transcription factors and enhanced migratory properties in renal cancer (35). In TAC reaction, α-KG is oxidized and decarboxylated to succinyl CoA mediated by the α-KG dehydrogenase complex, which in turn producing succinate. Then, succinate is oxidized and hydrated to fumarate. Here, we observed that higher levels of mitochondrial α-KG promoted the accumulation of succinate in the mitochondria in SLC25A21-depleted BCa cells. Therefore, we speculated that SLC25A21 depletion-mediated α-KG arrest in mitochondria may result in an increase of succinate and fumarate, thereby promoting cell invasion, and metastasis in BCa. These data indicate that the downregulation of SLCA25A21 expression could serve as a predictor of a higher risk of BCa progeression. The mechanisms by which SLC25A21 mediates invasion inhibition present an interesting issue for further investigation.



Conclusions

Our research demonstrated that SLC25A21 is downregulated in BCa tissues and that its downregulation might play a promoting role in BCa tumorigenesis and progression through the ROS-mediated mitochondrion-dependent apoptosis pathway. These results indicate that the overexpression of SLC25A21, which specifically induces ROS-mediated apoptosis in cancer cells, could be used to develop a highly effective treatment strategy for BCa patients.
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Ovarian cancer is a common gynecologic aggressive neoplasm. The mortality of ovarian cancer is top among gynecologic malignancies due to the insidious onset, atypical early symptoms, and chemoresistance. Therefore, it is urgent to seek another promising treatment for ovarian cancer. Purified vitexin compound 1 (VB1) is a kind of neolignan from the seed of traditional Chinese herb vitex negundo that possessed diverse pharmacological effects. VB1 can exhibit anti-neoplastic activities against various cancers. However, the role of VB1 in ovarian cancer treatment has not been elaborated, and the mechanism is unknown. The aim of this study was to investigate the therapeutic effects of VB1 in ovarian cancer cells both in vitro and in vivo, along with the molecular mechanism of action. In vitro, VB-1 can effectively suppress the proliferation, induce apoptosis, and block cell cycle at G2/M phase with a concentration dependent manner in ovarian cancer cells. Western blot assay showed that VB1 induce apoptosis via upregulating expression of cleaved-caspase3 and block cell cycle at G2/M phase through upregulating expression of P21. Meanwhile, VB1 can effectively inhibit tumor growth in xenograft mouse model. Our research indicated that VB1 can significantly exert its anti-neoplastic effects and may represent a new class of agents in ovarian cancer therapy.




Keywords: vitexin compound 1, ovarian cancer, antineoplastic agent, therapy, apoptosis and cell cycle



Introduction

Ovarian cancer (OC) is a kind of highly heterogeneous disease that affects women globally, known as “silent killer”, and the overall mortality generally is higher than other gynecologic malignancies. It is estimated that 22,240 new cases will be diagnosed and 14,070 women will die of ovarian cancer in the United States in 2018 (1, 2). Most patients are being diagnosed in an advanced stage because ovarian cancer is often silent in its early stages (3). Ovarian cancer usually leads to peritoneal carcinoma (PC), which is another reason why the mortality of ovarian cancer is extremely high (4). Currently, cytoreductive surgery, chemotherapy, and targeted therapy have been applied to treat ovarian cancer and improve prognosis of patients with ovarian cancer to some extent (5, 6). Nevertheless, approximately 65% of patients with advanced-stage ovarian cancer relapse within 2 years after initial therapy (7). Ovarian cancer patients (15–25%) develop primary treatment resistance, and most of the remaining patients occur to chemotherapy resistance (8). Therefore, the development of more effective cancer therapy remains an ongoing challenge in ovarian cancer.

In China, traditional Chinese medicine is widely being used in the majority of hospitals and plays an active role in multiple diseases including cancers (9). Vitex negundo L is a powerful tonic traditional Chinese herb, possessing a wide range of biological activity against bacteria, tumor, rheumatism, etc. (10, 11). Vitexin compound 1 (VB1) is the most abundant Vitexin compound in EVn-50 which is derived from Vitex negundo L. It showed strong anti-neoplastic potential in cancers including colorectal cancer, hepatocellular carcinoma, and choriocarcinoma (12–16). Studies have shown that VB1 can suppress the tumor growth and angiogenesis by inactivating Akt signaling in hepatocellular carcinoma (17). VB1 can inhibit melanoma cell growth through DNA damage via increasing ROS levels (18).

Yet, for now, the effects and underlying mechanisms of VB1 on human ovarian cancers are largely unknown. The purpose of our study was to evaluate VB1 as anti-gynecological cancer herbs and to explore the molecular mechanism of anticancer activity. The result gained by our research may significantly contribute to the development of new and effective therapy for ovarian cancer.



Materials and Methods


Chemical

VB1 termed 6-hydroxy-4-(4-hydroxy-3-methoxypheny1)-3-hydroxymethy1-7-methoxy-3,4-dihydro-2-naphthaldehyde, a purified compound, was extracted from the seed of the Chinese herb Vitex negundo and was supplied by the College of Pharmacy of Central South University (Changsha, China) (Figure 1A). VB1 was dissolved in dimethylsulfoxide (DMSO, Sigma) and diluted with pure water to a concentration of 10 mmol/L, which was packed and stored at 4°C. DMSO’s final concentration in each sample was less than 0.1% (vol/vol).




Figure 1 | VB1 suppressed the viability of human ovarian cancer cells. (A) Chemical structure of VB1. (B–E) The four cell lines were treated with VB1 for various times and dosages, respectively, and the cell viability was tested by CCK-8. (F) HO8910 cells were treated with VB1 (0 µM) (control), 0.1% DMSO, and VB1 (2.5–20 µM) for 24, 48, and 72 h, and the cell viability was measured using CCK-8 assay. (G) SKOV3 cells were treated with VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24, 48, and 72 h; the cell viability was measured using CCK-8 assay. (H) The cell morphologic changes of HO8910 cells after treatment with VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24 h (magnification ×100). (I) The cell morphological changes after treatment with VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24 h in SKOV3 cells (magnification ×100). The data represent the mean ± SD of three independent experiments, *P < 0.05, ***P < 0.001 compared with control.





Cell Lines and Culture Conditions

Human ovarian cancer cell lines HO8910 and SKOV3 were derived from American Type Culture Collection (ATCC). H08910 cell line was maintained in RPMI1640 medium (BI, Israel) supplemented with 10% fetal bovine serum (BI, Israel) at 37°C in a 5% carbon dioxide atmosphere. SKOV3 cell line was grown in McCoy’s5a medium (Gibco, USA) containing 10% fetal bovine serum (BI, Israel) at 37°C and 5% CO2.



Cell Viability Assay

Cells were seeded into 96-well plates (5 × 103 cells per well) and cultured at 37°C in media containing 10% FBS for 24 h. Cells were exposed to VB1 (0 µM), 0.1% DMSO, or various concentrations of VB1 (2.5, 5, 10, and 20 µM) for 24, 48, and 72 h, respectively. The cell viability (%) was determined by CCK-8 assay (7 sea biotech, China) with the manufacturer’s instructions. In detail, the reagent (10 μl) was added into each well of the 96-well assay plate containing the samples in 100 ml of culture medium and incubated for another 4 hours, after 24, 48, and 72 h individually. The absorbance at a wavelength of 450 nm was measured using a microplate absorbance reader (Eppendorf, GER). The half-maximal inhibitory concentration (IC50) values were generated using the SPSS software.



Morphological Observation

Cells were seeded into six-well plates (3 × 105 cells per well) and cultured at 37°C in media containing 10% FBS and 5% CO2 for 24 h. Subsequently, cells were subjected to VB1 (0 µM), 0.1% DMSO, or different concentrations of VB1 (2.5, 5, 10, and 20 µM) for 24 h. Cell morphological changes after treatment with VB1 were observed, and exact images were acquired using a microscope (Olympus, Japan).



Hoechst 33258 Staining Assay

Cells were seeded into six-well plates (3 × 105 cells per well) and cultured at 37°C in media containing 10% FBS for 24 h. Separately, cells were exposed to VB1 (0 µM), 0.1% DMSO, or various concentrations of VB1 (2.5, 5, 10, and 20 µM) for 24 h. After processing, cells were washed with PBS and fixed with 4% formaldehyde for 20 min. The fixed cells were stained with Hoechst 33258 for 10 min and washed with PBS. Finally, the apoptotic cells were observed and fluorescent micrographs were obtained using a fluorescent microscope (Olympus, Japan).



Detection of Apoptotic Cells by Flow Cytometry

Cells were seeded into six-well plates (3 × 105 cells per well) and incubated overnight at 37°C in media containing 10% FBS. Then, they were treated with VB1 (0 µM), 0.1% DMSO, or VB1 (2.5, 5, 10, and 20 µM) with the different concentrations for 24 h. The cells were harvested by trypsinization without EDTA after 24 h. The collected cells were suspended and washed with cold PBS, centrifuged, and stained with 5 µl AnnexinV and 5 µl propidium iodide for 15 min at room temperature in dark place according to Annexin V-FITC/PI Apoptosis Detection Kit (Becton, Dickinson and Company, USA) with the manufacturer’s instructions. The number of apoptotic cells was detected by flow cytometry and analyzed using the Flowjo software.



Cell Cycle Assay

Cells were seeded into six-well plates (3 × 105 cells per well) and incubated overnight at 37°C in media containing 10% FBS. Then, they were treated with VB1 (0 µM), 0.1% DMSO, or various of concentrations of VB1 (2.5, 5, 10, and 20 µM). The cells were harvested by trypsinization after 24 h. The collect cells were suspended and washed with cold PBS, centrifuged, and fixed in 70% ethanol at 4°C overnight. The next day, the fixed cells were suspended and centrifuged again; cells were incubated with 500 μl propidium iodide (PI) for 15 min at room temperature and protected from light according to the manufacturer’s instructions (Becton, Dickinson and Company, USA). The cell cycle was measured by flow cytometry and analyzed using ModFit software.



Immunoblotting

SKOV3 cells were lysed in RIPA buffer (CWBIO, China) containing protease inhibitor cocktail (CWBIO, China) and phosphatase inhibitor cocktail (CWBIO, China) and incubated on ice for 20 min. Protein concentrations were determined using a BCA protein assay kit (DingGuo, China). Total protein extracted from SKOV3 cells were separated by 8–12% SDS-polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to polyvinylidene fluoride membranes (Millipore, USA). After blocking in 5% non-fat dry milk in TBS at room temperature for 1 h, the membranes were incubated with primary antibodies including cleaved caspase3, caspase3, and P21 (Cell Signaling, Denver, MA) and β-actin (Proteintech, USA) overnight at 4°C. Subsequently, the membranes were washed with TBST and incubated with HRP-conjugated secondary antibody (Proteintech, USA) for 1 h at room temperature. Finally, the protein expression was imaged using a gel image analysis system (Bio-Rad, USA).



Xenograft Tumor Model

The animal experiments were approved by the Animal Research Ethics Committee of Central South University. Twelve female BALB/c pathogen-free athymic nude mice at the age of 5 to 6 weeks were injected with a total of 5 × 106 HO8910 cells subcutaneously into the right flank to establish a xenograft tumor model. When the tumors reached 5 mm3 or larger, the tumor-bearing mice were randomly divided into two groups and received vehicle or 80 mg/kg of VB1 by intraperitoneal injection twice a day for a month, with six mice in each group. Sizes of tumor were measured using a caliper every 3 days, and the tumor volume was calculated with the formula V = 1/2 (length × width2). Then the mice were sacrificed, and tumors were dissected and stored in liquid nitrogen or fixed in formalin for further histological analysis. All experiments were performed according to Guidelines for the Care and Use of Laboratory Animals prepared by the Institutional Animal Care and Use Committee of Central South University, Chang Sha, China. All Animal experimental protocols were approved by the Institutional Animal Care and Use Committee of Central South University (approval no. 2018sydw0225).



Statistical Analysis

The data were expressed as the mean ± SD of three independent experiments. Statistical differences in the data were evaluated using a Student’s t-tests and ANOVA tests. P < 0.05 was considered as statistically significant.




Results


VB1 Suppressed the Viability of Human Ovarian Cancer Cells

In order to evaluate effect of VB1 on viability in ovarian cancer cell lines, we executed CCK-8 assay to measure cell viability after exposing them to 0.1% DMSO or increasing concentrations of VB1 for 24–72 h. HO8910 and SKOV3 have the most significant inhibitory effect, and their IC50 values of VB1 were 9.789 and 5.982 µM, respectively (Figures 1B–E). So we used HO8910 and SKOV3 as the test subjects. Results showed that VB1 possessed ability to suppress viability in ovarian cancer cell lines with a dose-dependent and time-dependent manner (Figures 1F, G). Compared with the VB1 (0 µM) group (Control) and 0.1% DMSO group, the cell viability of the VB1 group was significantly decreased. HO8910 cells were cultured with various concentrations of VB1 (2.5, 5, 10, and 20 µM) for 72 h, and the cell viability was 61.5%, 27.3%, 13.7%, and 3.5%, separately. In response to 20 μM of VB1 for 24, 48, and 72 h, the 20 μM VB1-treated H08910 cell viability was 64.8%, 9.9%, and 3.5%. SKOV3 cells were treated with VB1 (2.5–20 µM) for 72 h, and the cell survival rates were 73.1%, 60.5%, 39.1%, and 34.1%. SKOV3 cells in response to VB1 (20 µM) for 24, 48, and 72 h, the cell viability was 61.0%, 39.0%, and 34.1%. Meanwhile, VB1 treatment led to morphological changes in H08910 and SKOV3 cells (Figures 1H, I). Compared with the VB1 (0 µM) and 0.1% DMSO group, H08910 and SKOV3 cells were incubated with increasing concentrations of VB1 for 24 h, and the cell density decreased gradually. Adhered cells became small and round, and part of them were lysed after VB1 treatment. From the above data, we concluded that VB1 effectively suppressed the viability of human ovarian cancer cells, and VB1 may act as a promising anti-neoplastic agent in ovarian cancer.



VB1 Provoked Apoptosis in Human Ovarian Cancer Cells With a Caspase Signaling Pathway

Our preliminary data showed that VB1 could effectively suppress the viability of human ovarian cancer cells in a concentration way, so we speculate that whether VB1 inhibit the viability by provoking apoptosis? Firstly, we observed the apoptotic morphological changes of HO8910 and SKOV3 cells that were exposed to VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24 h using a microscope. Typical apoptotic features were observed by us, such as nuclear debris, aberrant nuclear shape, and nuclear division. Apoptotic cells show strong blue staining, and exact images were observed in Figures 2A, B. Subsequently, after treatment with VB1 (0 µM), 0.1% DMSO, or VB1 (2.5–20 µM) for 24 h in both HO8910 and SKOV3 cells, apoptosis was detected by the flow cytometry. Compared with the group of VB1 (0 µM) (control) and 0.1% DMSO, the number of apoptotic cells significantly increased in a dose-dependent manner (Figures 2C–F). After processing with VB1 (2.5–20 µM) for 24 h, the apoptosis rate of HO8910 cells was 4.91%, 5.28%, 15.87%, and 31.46%, respectively. The percentage of apoptotic cells in SKOV3 cells were 5%, 9%, 19.85%, and 30.6%, separately. Furthermore, in order to determine the molecular mechanisms of VB1-induced apoptosis in HO8910 cells and SKOV3 cells, we explored the expression of apoptosis-related proteins including caspase-3 and cleaved caspase-3 by Western blotting. After treatment with VB1 (0–20 µM) for 24 h, groups of various concentrations of VB1 showed caspase-3 decreased and cleaved caspase-3 increased in HO8910 cells (Figures 2G–I). Similarly, VB1 (0–20 µM) treatment for 24 h decreased caspase-3 and increased cleaved caspase-3 in SKOV3 cells with a concentration-dependent manner, compared with the VB1 (0 µM) group (Figures 2J–L). In conclusion, our findings were enough to prove VB1 exactly induced apoptosis with a caspase signaling pathway.




Figure 2 | VB1 provoked apoptosis in human ovarian cancer cells with a caspase signaling pathway. (A, B) H08910 cells and SKOV3 cells were exposed to VB1 (0 µM), 0.1% DMSO, or VB1 (2.5–20 µM) for 24 h; after 24 h, the treated cells were subjected to Hoechst 33258 staining and apoptotic morphological changes were observed using a microscope (magnification ×100). (C–F) HO8910 cells and SKOV3 cells were handled with VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24 h; the flow cytometry with Annexin V-FITC/PI staining was performed to detect apoptosis. (G–I) HO8910 cells were exposed to VB1 (0-20 µM) for 24 h; the expression of apoptotic protein was determined by Western blotting. (J–L) SKOV3 cells were exposed to VB1 (0–20 µM) for 24 h, and the expression of apoptotic protein was determined by Western blotting. Data represent the mean ± SD of three independent experiments. *P < 0.05, **P < 0.01, ***P < 0.001 compared with the control group.





VB1 Induces G2/M Arrest in Human Ovarian Cancer Cells

To delineate the effects of VB1 on cell cycle in HO8910 and SKOV3 cells, cell cycle assay was conducted by the flow cytometry. Compared with the group of VB1 (0 µM) and 0.1% DMSO, we found that VB1 could dramatically induce G2/M arrest in a concentration-dependent way (Figures 3A–D). HO8910 cells were treated with VB1 (2.5–20 µM) for 24 h, and the percentage of cells arrested in G2/M phase were 14.21%, 41.14%, 60.94%, and 96.38%, respectively. Parallelly, the arrest rant of SKOV3 cells was 17.19%, 32.75%, 44.99%, and 68.17%, individually. Our data suggested that VB1 markedly blocked cell cycle at G2/M phase by decreasing the distribution of G0/G1 phase. To the best of our knowledge, cyclin B and CDK1 play a significant role in regulation of progression of G2/M phase. P21, a downstream molecule of P53, could inhibit activity of cyclin-dependent kinases and arrest cell cycle at G2/M phase by connecting with cyclinB-CDK1 complex. Therefore, we next examined the expression of P21 by Western blotting. The results showed that the expression of P21 was elevated after treatment with the increasing concentrations of VB1 for 24 h in SKOV3 and HO8910 cells (Figures 3E–H). These data indicated that VB1 induces G2/M arrest via upregulation of the expression of p21.




Figure 3 | VB1 induces G2/M arrest in human ovarian cancer cells. (A–D) H08910 and SKOV3 cells were exposed to VB1 (0 µM), 0.1% DMSO, and VB1 (2.5–20 µM) for 24 h; the flow cytometry was performed to detected distribution of cell cycle. (E, F) The expression of P21 in HO8910 cells which were treated with VB1 (0–20 µM) for 24 h. Western blotting was performed by p21 antibody. (G, H) The expression of P21 in SKOV3 cells which were treated with VB1 (0–20 µM) for 24 h, Western blotting was performed by p21 antibody. The results represent the mean ± SD of three independent experiments. **P < 0.01, ***P < 0.001 compared with the control group.





VB1 Can Inhibit Tumor Growth in a Xenograft Tumor Model

Our data showed that VB-1 could effectively suppress the proliferation of HO8910 and SKOV3 cells, as well as induce apoptosis and block cell cycle at G2/M phase in vitro. Hence, we guessed that VB1 whether could inhibit tumor growth in vivo? We assessed VB1’s antitumor effects in vivo by an animal model study. Similarly, VB1 could also significantly inhibit tumor growth, compared with the vehicle-treated group (Figures 4A, B). The tumor size of vehicle-treated group increased gradually during treatment, and the average tumor size was 118.7mm3 after treatment. Tumor size of 80 mg/kg doses of VB1-treated group has no significant change, and the average tumor size was 19.0mm3 which was smaller than the vehicle-treated group (Figure 4C). Meanwhile, we found a tumor of tumor-bearing mice disappeared in VB1-treated group. Consistent with the results in vitro, the data from experiment in vivo indicated the inhibitory effect of VB1 on tumor growth.




Figure 4 | VB1 can inhibit tumor growth in a xenograft tumor model. (A) Tumor-bearing nude mouse model after treatment. (B) VB1-treated mice demonstrated a dramatically reduced tumor volume as compared with vehicle-treated mice. (C) Tumor growth curves indicate a poor tumor growth in VB1-treated mice compared with vehicle-treated mice. The results represent the mean ± SD per group. *P < 0.05 compared with the control group.






Discussion

In our study, we found that VB1 extracted from traditional Chinese herb vitex negundo possesses powerful anti-neoplastic effects on human ovarian cancer. Cell viability assay showed that VB1 could effectively suppress the proliferation of ovarian cancer cell lines in a time-dependent and dose-dependent manner. Flow cytometry analysis indicated that VB1 suppress the proliferation of human ovarian cancer cells by provoking apoptosis and blocking cell cycle at G2/M phase. Hoechst 33258 staining assay suggested that typical apoptotic features emerged after VB1 treatment in HO8910 and SKOV3 cells. Furthermore, Western blot analysis revealed underlying molecular mechanisms of anti-tumor effects of VB1 on HO8910 and SKOV3 cells. VB-1 exerted its anti-neoplastic effects through upregulating the expression of cleaved-caspase3 and p21. Not only could VB1 possess inhibitory activities in vitro, but also inhibit tumor growth in a ovarian cancer subcutaneous xenograft tumor model of nude mice.

Apoptosis, the process of programmed cell death, is usually characterized by specific morphological and distinct biochemical and genetic pathways (19). Apoptosis play a vital role in healthy balance between cell survival and cell death (20, 21). The classic channels of provoking apoptosis by caspase cascade include endogenous mitochondrial signaling pathway and exogenous death receptor signaling pathway. Once activation of cellular stress signals in mitochondrial signaling pathway, outer mitochondrial membrane integrity will be destroyed, and cytochrome c will be released from mitochondria to cytoplasm. Then, oligomerized adaptor protein Apaf-1 recruits initial caspase (caspase 9) to active downstream executioner caspases (caspase 3) and triggers apoptosis by cleaving poly ADP-ribose polymerase (22, 23).

The exogenous pathway, a receptor-mediated pathway, and these related death receptors are members of the tumor necrosis factor (TNF) receptor gene superfamily (24). The death-inducing signaling complex (DISC) is composed of receptor, corresponding ligand, adapter protein, and procaspase-8. When exogenous pathway was activated by death signal, the receptors will bind to homologous ligand, and the connection ligand and receptor results in recruitment of adapter protein, adapter protein further connecting procaspase-8. Subsequently, the DISC activated executioner caspases by cleaved target proteins and further led to the cell death (25). In our study, Western blot analysis showed that VB1 induced the elevated expression of cleaved caspase 3 in SKOV3 cell line and HO8910 cell line after VB1 treatment, which suggested that VB1 induce apoptosis of ovarian cancer with a caspase signaling pathway by participating endogenous mitochondrial and exogenous death receptor signaling pathway.

As we have seen, cell cycle is modulated by various cyclin/cyclin-dependent kinases complexes in eukaryotes, and each cyclin/cdk complex exerts specific effects on individual cell cycle phase. Cyclin B and CDK1 play a crucial role in regulating G2/M phase process. CyclinB–CDK1 complex was recognized as a M phase-promoting factor (MPF); it is capable of starting the G2/M phase transition and promotion of mitotic entry (26, 27). P53, a tumor suppressor and transcription factor, is involved in progresses and developments of malignancy cells. In p21Waf1/Cip1, a downstream molecule of P53, the connection between p21Waf1/Cip1 and cyclinB–CDK1 complex inhibits cyclin-dependent kinases and arrests cell cycle at G2/M phase (28). Western blot analysis showed that VB1 markedly increased the level of P21 with a dose-dependent manner, which implied that P53 may participate in the process of cell cycle after VB1 treatment in ovarian cancer.

Our study proved that VB1 could effectively suppress activities of ovarian cancer in vitro and in vivo; however, cellular toxicity of VB1 in human ovarian epithelial cells is unclear. If VB1 show little influence on normal ovarian epithelial cells, intolerable toxicity or side effects of VB1 are slighter than chemotherapeutic drugs.

In summary, our present study demonstrated that VB1 exerted anti-neoplastic activities in vitro by inhibiting proliferation, inducing apoptosis, and arresting cell cycle at G2/M phase. Meanwhile, VB1 suppressed tumor growth in a subcutaneous xenograft tumor model of nude mice. Further investigation showed that VB-1 may be via upregulating expression of cleaved-caspase3 and P21 to induce apoptosis and block cell cycle at G2/M phase. The data from our experiments suggested that VB1 was qualified to be a promising candidate for the therapy of human ovarian cancer in the future.
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Hypoxia occurs not only in natural environments including high altitude, underground burrows and deep sea, but also in human pathological conditions, such as hypoxic solid tumors. It has been well documented that hypoxia related signaling pathway is associated with a poor clinical outcome. Our group has recently identified multiple novel genes critical for solid tumor growth comparing the genome-wide convergent/parallel sequence evolution of highland mammals. Among them, a single mutation on the retinol saturase gene (RETSAT) containing amino acid switch from glutamine (Q) to arginine (R) at the position 247 was identified. Here, we demonstrate that RETSAT is mostly downregulated in multiple types of human cancers, whose lower expression correlates with worse clinical outcome. We show that higher expression of RETSAT is positively associated with immune infiltration in different human cancers. Furthermore, we identify that the promoter region of RETSAT is highly methylated, which leads to its decreased expressions in tumor tissues comparing to normal tissues. Furthermore, we show that RETSAT knockdown promotes, while its overexpression inhibits, the cell proliferation ability of mouse embryonic fibroblasts (MEFs) and B16 in vitro. In addition, the mice carrying homozygous Q247R mutation (RETSATR/R) is more resistant to xenograft tumor formation, as well as DMBA/TPA induced cutaneous keratinocyte carcinoma formation, compared to littermate wild-type (RETSATQ/Q) mice. Mechanistic study uncovers that the oncogenic factor, the prolyl isomerase (PPIase) Pin1 and its related downstream signaling pathway, were both markedly repressed in the mutant mice compared to the wild-type mice. In summary, these results suggest that interdisciplinary study between evolution and tumor biology can facilitate identification of novel molecular events essential for hypoxic solid tumor growth in the future.
Keywords: retinol saturase (RETSAT), hypoxia adaptation, evolution, Pin1, skin cutaneous melanoma (SKCM)
INTRODUCTION
High altitude is one of the most extreme environments worldwide, and mammals living in high altitude evolve adaptation traits including respiratory, cardiovascular, and metabolic systems compared to reciprocal lowlanders (Brutsaert, 2008; Scheinfeldt et al., 2012; Rademaker et al., 2014; Storz and Scott, 2021). The genetic signals after hypoxia positive selection are the major factors contributing to the hypoxia tolerant physiological traits, some of which have been indicated to be critical for transcriptional regulation under hypoxic conditions (Beall et al., 2010; Yi et al., 2010). Hemoglobin levels and oxygen saturation in the blood are two physiological characteristics important for oxygen sense, which are thoroughly studied in highlanders. Hemoglobin concentration is elevated, but oxygen saturation is reduced in high-altitude Andean populations, compared to African population as well as other low-altitude populations (Beall et al., 2002).
Hypoxia occurs not only in natural environments including high altitude, underground burrows and deep sea, but also in human pathological conditions, such as diabetes and hypoxic solid tumors (De Bels et al., 2011; Cheviron and Brumfield, 2012; Yang et al., 2020; Storz and Scott, 2021). However, hypoxia cannot be simply defined by a fixed oxygen concentration, since some tissues function normally at 5% oxygen equivalent to normoxia, and others as low as 1% oxygen (Schödel and Ratcliffe, 2019). Hypoxia related signaling molecules have been documented to function as a major regulator during tumorigenesis (Kang et al., 2018; Xiong et al., 2020). These factors include hypoxia-inducible factors (HIFs), the von Hippel–Lindau (VHL) and prolyl hydroxylases (PHD1/2/3 or so-called EglN1/2/3, respectively) of the 2-oxoglutarate (or α-ketoglutarate) dioxygenase super-family (Schödel and Ratcliffe, 2019), which provide valuable therapeutic targets for various types of human cancers (Lee et al., 2020). Increasing evidence has revealed that hypoxic solid tumors are not sensitive to clinical treatment due to reduced reactive oxygen species (ROS) and DNA damage in the case of ionizing radiation and certain chemotherapies (Brustugun, 2015). However, it is important to note that hypoxia in solid tumors is not completely the same as that in high altitude. For example, some hypoxic tumor regions have near 0% oxygen, while the oxygen level will only drop to ∼60% of sea level at ∼4,000 m highland.
Based on the similarities between high altitude hypoxia adaptation and hypoxic solid tumors, we have developed an interdisciplinary study to identify novel biomarkers involved in tumorigenesis. For examples, we did parallel large-scale genomic data generated from Tibetan domestic mammals and corresponding lowland species, and identified multiple hypoxia adaptation selected genes including YTHDF1 and C10orf67 (Shi et al., 2019; Wu et al., 2020). Furthermore, we found that YTHDF1 expression is decreased in highland mammals compared to lowlanders, which promotes non-small cell lung cancer (NSCLC) progression by activating the translational efficiency of m6A modified CDK2 and CDK4 mRNAs (Shi et al., 2019). Recently, we uncovered that the retinol saturase gene (RETSAT) contains a single parallel amino acid change from glutamine (Q) to arginine (R) at position 247 in QTP (Qinghai-Tibet Plateau) mammals (Xu et al., 2021). RETSAT has been identified to be an NADH/NADPH- dependent oxidoreductase, which is highly expressed in liver, adipose tissue and kidney (Moise et al., 2004). Previous studies have shown that RETSAT saturates the 13-14 double bond of all-trans-retinol to produce all-trans-13-14-dihydroretinol, a product important for vitamin A metabolism, which then regulates lipid metabolism, and production of reactive oxygen species (Moise et al., 2005). Furthermore, RETSAT was uncovered to modulate lipid metabolism and the production of reactive oxygen species (ROS) (Pang et al., 2017). RETSAT promotes adipogenesis and is downregulated in obesity by suppressing PPARγ and retinoid X receptor α (RXRα) responses (Ziouzenkova et al., 2007; Schupp et al., 2009).
Previous studies demonstrated that all-trans retinoic acid (ATRA), the active metabolite of vitamin A, could be used for the treatment of acute promyelocytic leukemia (APL) (Gottardi et al., 2020). Another study showed that all-trans retinoic acid stealth liposomes prevent the metastasis of breast cancer and glioblastoma tumor growth (Li et al., 2011; Mirani et al., 2019). However, whether or not RETSAT play any role in human cancers is still unknown. In this study, we decided to verify the expression and mutation patterns of RETSAT in various human cancers, and compared the xneograft or chemical induced-tumor formation in RETSAT mutant and wild-type mice.
RESULTS
RETSAT Expression Patterns in Different Types of Human Cancers
We firstly examined the mRNA expression patterns of RETSAT in different types of human cancers using the Tumor Immune Estimation Resource (TIMER) online database (Li et al., 2017). The consistent lower expression of RETSAT was observed in BRCA (Breast invasive carcinoma), CHOL (Cholangiocarcinoma), COAD (Colon adenocarcinoma), HNSC (Head and Neck squamous cell carcinoma), KICH (Kidney Chromophobe), KIRC (Kidney renal clear cell carcinoma), LUAD (Lung adenocarcinoma), LUSC (Lung squamous cell carcinoma), PCPG (Pheochromocytoma and Paraganglioma), PRAD (Prostate adenocarcinoma), READ (Rectum adenocarcinoma) and THCA (Thyroid carcinoma) compared with the corresponding normal tissues (Figure 1A). The above results showed that RETSAT expression is commonly decreased in most human cancers, indicating that RETSAT may function as a tumor suppressor.
[image: Figure 1]FIGURE 1 | RETSAT expression patterns in human cancers. (A) RETSAT expression of different types of human cancers using the TIMER database. Red: tumors; blue: normal tissues. (B) The expression pattern of RETSAT, comparing the profiles from SKCM in (TCGA) and GTEx (Genotype-Tissue Expression, mostly for normal tissues). (C,D) The expression patterns of RETSAT in SKCM using the GEO databases and the GEPIA database (D). (E) The overall survival (OS: E) and the disease-free survival (DFS: F) tests for RETSAT in SKCM in GEPIA database. *p < 0.05, **p < 0.01, ***p < 0.001.
Based on the fact that mammals living in high altitude are exposed to both hypoxic and intensive ultra violet conditions, we decided to validate the expression pattern of RETSAT in skin cutaneous melanoma (SKCM), and identified lower RETSAT transcripts in cancerous tissues than that in normal skin tissues, by using the gene expression profile from TCGA and GETx dataset (Figure 1B). Consistently, we also verified the downregulation of RETSAT in tumor tissues in the GEO database (Figure 1C). The correlation between RETSAT and SKCM tumor stage was further tested using the GEPIA online tool (Tang et al., 2017). We found that lower expressions of RETSAT transcripts correlate with higher tumor stages (Figure 1D). In line with this finding, we revealed that patients with SKCM containing higher RETSAT expression exhibited longer overall survival (OS) and disease-free survival (DFS) time, compared to SKCM patients with lower RETSAT expression levels (Figures 1E,F). In addition, we identified many RETSAT mutations in SKCM by applying the cBioPortal web resource (Table 1) (Gao et al., 2013). The above results suggest that RETSAT is decreased in SKCM, indicating its inhibitory role during SKCM tumor progression.
TABLE 1 | RETSAT mutations in SKCM determined by cBioportal database.
[image: Table 1]The Promoter Region of RETSAT is Highly Methylated in Multiple Tumors
To further elucidate the mechanism by which RETSAT is commonly downregulated in tumors, we firstly examined the methylation status of RETSAT promoter region, which is major cause for repressing gene expression in tumors. By using the methSurv analysis (Modhukur et al., 2018), we found that there are many methylation sites in the promoter region of RETSAT, and the differential methylation regions were indicated in the heatmaps (Figure 2A). Importantly, by using the shiny methylation analysis resource tool (SMART) analysis (Li et al., 2019) we uncovered that the methylation of RETSAT was significantly higher in SKCM cancerous tissues compared to that in normal tissues (Figure 2B). Consistently, we found that the methylation levels on the specific methylation site (cg05514932) within RETSAT promoter region negatively correlated with its expression in SKCM (Figures 2C,D). Furthermore, we showed that the elevated methylation levels on cg05514932 site correlates with worse OS in the TCGA-SKCM cohorts, using the methSurv dataset (Figure 2E). Therefore, we hypothesized that the highly methylation in RETSAT promoter DNA fragment might cause its decreased expressions in multiple types of human cancers, including SKCM (Figure 2F). In addition, we treated B16 cells with 5-Azacytidine, the specific inhibitor for DNA methylases (Christman, 2002), and revealed that RETSAT mRNA expression level was dramatically increased (Figure 2G).
[image: Figure 2]FIGURE 2 | The methylation pattern in RETSAT promoter. (A) Critical methylation sites within RETSAT promoter region were indicated in the heatmap. The gradient color bars indicate the different methylation levels of the two methylation sites (cg05514932, cg09468902) within RETSAT promoter region in each SKCM sample, the browner the color is, the higher methylation level is. (B) The methylation level in RETSAT promoter region positively correlates with SKCM stages in ualcan database. (C,D) Both the DNA (C) and mRNA (D) expressions of RETSAT negatively correlate with the methylation level using SMART database. (E) Kaplan-Meier analysis of OS (overall survival) considering RETSAT methylation level using the TCGA SKCM dataset. (F) The methylation level of RETSAT in different types of human cancers compared with that in normal tissues using SMART database. (G) The relative expression of RETSAT mRNA in B16 cells after 5-azacytidine treatment, examine by Real time RT-PCR assay. *p < 0.05, **p < 0.01, ***p < 0.001.
RETSAT Expression Correlates With Immune Infiltration in SKCM
Since RETSAT might function as a tumor suppressor and immune infiltration was considered as a promising independent prognostic factor in cancers, we next used the TIMER database to investigate the correlation between RETSAT expression and immune infiltration (Li et al., 2017). Specifically, RETSAT CNV significantly correlates with infiltrating levels of B cells, CD8+ T cells, macrophages, neutrophils and dendritic cells (Figure 3A). Next, we analyzed the correlation between RETSAT expression and six types of infiltrating immune cells, including B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils and dendritic cells. The results demonstrated that the expression level of RETSAT was positively correlated with the infiltration level of B cells (r = 0.597, p = 3.63e-48), CD8+ T cells (r = 0.422, p = 2.09e-22), CD4+ T cells (r = 0.671, p = 1.25e-64), macrophages (r = 0.478, p = 4.55e-29), neutrophils (r = 0.744, p = 2.67e-86), and dendritic cells (r = 0.837, p = 3.66e-129) in SKCM (Figure 3B). Next, we used TISIDB database to further explore the relationship between RETSAT expression level and immunostimulators and immunoinhibitors, respectively in SKCM (Ru et al., 2019). We found that RETSAT was mostly positively, but negatively, associated with the expression of immunostimulators and the immunoinhibitors, respectively (Tables 2, 3). These results strongly implicate that RETSAT could serve as a key regulator for tumor immune infiltration in SKCM.
[image: Figure 3]FIGURE 3 | RETSAT correlates with immune cell infiltration in tumors. (A) The infiltration levels of various immune cells correlate with RETSAT mutations in SKCM using the TIMER database. (B) The correlation of RETSAT expression level with B cell, CD8+ T cell, CD4+ T cell, macrophage, neutrophil or dendritic cell infiltration level in SKCM analyzed by TIMER database. *p < 0.05, **p < 0.01, ***p < 0.001.
TABLE 2 | The correlation analysis between RETSAT and the expression of immunostimulators in SKCM validated by TIMER database.
[image: Table 2]TABLE 3 | The correlation analysis between RETSAT and the expressions of immunoinhibitors in SKCM validated by TIMER database.
[image: Table 3]RETSAT Q247R Mutation Inhibits Tumor Growth in vitro and in vivo
To examine the functional role of RETSAT in SKCM cells, RETSAT was inhibited by two independent lenti-viral shRNAs in B16 cells and mouse embryonic fibroblasts (MEFs), and the knockdown and overexpression efficiencies were verified by Real-time RT-PCR, cell line expressing scramble shRNA was used as control. As expected, RETSAT knockdown promoted the cell proliferation ability of B16 and MEFs (Figures 4A–D,I,J,L), while RETSAT overexpression led to the opposite effect (Figures 4E–H,K,M). Taken together, these data suggest that RETSAT functions as a tumor suppressor in SKCM.
[image: Figure 4]FIGURE 4 | RETSAT knockdown promotes cell proliferation. (A) Knockdown of RETSAT promotes B16 cell growth examined by growth curve assay. (B) RETSAT targeting shRNA knockdown efficiency in B16 cells was verified by Real-time RT-PCR assay, scramble shRNA was used as control. sh#1 = shRNA#1, sh#2 = shRNA#2, Ctrl = control. (C,D) Knockdown of RETSAT promotes B16 cell proliferation examined by BrdU incorporation assay, (C) is the quantification data for (D). Scale bar = 50 μm. (E) Overexpression of RETSAT inhibits B16 cell proliferation examined by growth curve assay. (F) RETSAT overexpression efficiency in B16 cells was verified by Real-time RT-PCR assay. (G,H) RETSAT overexpression inhibits B16 cell proliferation examined by BrdU incorporation assay, (G) is the quantification data for (H). Scale bar = 50 μm. (I) RETSAT targeting shRNA knockdown in wild-type MEFs was verified by Real-time RT-PCR assay. (J,L) RETSAT inhibition promotes cell proliferation in MEFs examined by BrdU incorporation assay, (L) is the quantification data for (J). Scale bar = 50 μm. (K,M) RETSATR/R mutant MEFs exhibit higher proliferation rate compared to wild type RETSATQ/Q MEFs, (M) is the quantification data for (L). Scale bar = 50 μm. WT = wild type (RETSATQ/Q). MUT = mutant (RETSATR/R).*p < 0.05, **p < 0.01, ***p < 0.001.
To verify the in vivo functional role of RETSAT during tumorigenesis, we performed both the xenograft tumor formation and DMBA/TPA induced cutaneous keratinocyte carcinoma formation assays. Five-weeks old male mice of RETSATR/R mutant and wild-type littermates were randomly divided into indicated groups, and B16 cells were injected subcutaneously (2 × 105 cells/point). As expected, the subcutaneous tumors in the wild-type littermates (RETSATQ/Q) were detected quickly, whereas the xenograft tumors were markedly retarded in RETSATR/R mice, which was visualized by the reduced tumor mass and volume compared to the control group (Figures 5A–C). Consistently, significant lower proliferation as measured by Ki67 immunohistochemistry (IHC) staining in the xenograft tumor sections from RETSATR/R group was detected, compared to control group (Figures 5D,E). In addition, by using the DMBA/TPA induced cutaneous keratinocyte carcinoma formation assay, better overall survival rate was observed in RETSATR/R mice compared to the littermate wild-type RETSATQ/Q mice (Figures 5F,G).
[image: Figure 5]FIGURE 5 | RETSAT (Q247R) mutation inhibits tumor growth in vivo. (A–C) RETSAT mutation inhibits xenograft tumor formation in vivo. Representative xenograft tumor images (A), tumor masses (B) and tumor volumes (C). (D,E) Representative IHC staining of Ki67 for indicated xenograft tumors. (F) Representative mice images after DMBA/TPA treatment. WT = wild type (RETSATQ/Q). MUT = mutant (RETSATR/R). (G) The overall survival (OS) analysis for RETSAT mutation and RETSAT WT mice after DMBA/TPA induced cutaneous keratinocyte carcinoma. *p < 0.05, **p < 0.01, ***p < 0.001.
RETSAT Q247R Mutation Inhibits Pin1 Related Signaling Pathway
To further explore the molecular events affected by RETSATR/R mutation in SKCM, a protein-protein interaction (PPI) network for RETSAT was created using the STRING database (Szklarczyk et al., 2017) (Figure 6A). Among the interacting proteins, Pin1 and Akt1 caught our attention. The oncogenic factor PIN1 has been well demonstrated to promote the occurrence and development of various cancers (Min et al., 2016; Rustighi et al., 2017; Chen et al., 2018; Nakatsu et al., 2020; Yu et al., 2020). Previous study also documented that Pin1 inhibition using small molecule inhibitor such as ATRA or short hairpin RNA, reduces tumor growth via inhibiting PI3K/AKT signaling pathways (Sun et al., 2019). In addition, we revealed that RETSAT is involved in regulating PI3K/AKT signaling pathway by GSEA dataset analysis (Subramanian et al., 2005), suggesting that RETSAT could inhibit the oncogenic effect mediated by Pin1 in SKCM (Figure 6B).
[image: Figure 6]FIGURE 6 | RETSAT (Q247R) mutation represses Pin1 related signaling pathway. (A) The protein interaction network of RETSAT was generated using STRING database. (B) Enrichment plots from GSEA showing the PI3K/Akt signaling pathway associated with RETSAT expression in SKCM. (C) The spearman correlation analysis revealed a correlation between RETSAT and Pin1 expression in TCGA-SKCM database. (D–H) Examining the relative protein expressions by immunoblot in MEFs (D), Brain (E), Heart (F), Liver (G) and Lung (H) isolated from of wild-type and mutant mice, respectively. (I–J) Representative IHC staining of PIN1 for indicated xenograft tumors after RETSAT mutation. *p < 0.05, **p < 0.01, ***p < 0.001.
Therefore, we decided to validate the correlation between RETSAT expression and Pin1 related signaling (Sun et al., 2019). We showed that RETSAT expression was significantly negatively correlated with Pin1 in SKCM (r = −0.29, p = 2.9e-10) (Figure 6C). To validate the signaling axis, we used various adult mouse tissues, including brain, heart, liver and lung, and uncovered that the markedly reduced Pin1 and phosphorylated Akt1 proteins in RETSATR/R background could only be detected in MEFs, liver and lung, but not in brain and heart, suggesting that the inhibitory effect could be cellular context or developmental stage dependent (Figures 6D–H). Furthermore, we revealed that RETSATR/R mutation inhibits Pin1 expressions in B16 xenograft tumors, compared to the RETSATQ/Q wild-type control groups, detected by immunohistochemistry (IHC) staining (Figures 6I,J).
DISCUSSION
Melanoma incidence rates have sky rocketed in the past decades, and there are recurrent somatic mutations that appear frequently in most types of melanoma (Scolyer et al., 2011; Read et al., 2016). Driving mutations have been linked to signaling pathways that regulate proliferation (BRAF, NF1 and PTEN), cellular apoptosis (TP53), and cell cycle control (CDKN2A) (Scolyer et al., 2011; Read et al., 2016). Melanoma cells quickly adapt to the immune response due to the highly mutagenic nature (Lee et al., 2016). Recent studies have demonstrated that melanoma can be efficiently overcome by treating with antibodies against PD1, PD-L1/2 and CTLA-4 (Koller et al., 2016).
Numerous studies focusing on RETSAT have demonstrated its critical role for liver metabolism (Schupp et al., 2009; Heidenreich et al., 2017). RETSAT depletion has been shown to reduce the activity of carbohydrate response element binding protein (ChREBP), a cellular hexose-phosphate sensor and inducer of lipogenesis (Heidenreich et al., 2017). Ectopic expression of RETSAT with an intact, but not a mutated, FAD/NAD dinucleotide-binding motif, increased endogenous PPARgamma transcriptional activity and promoted adipogenesis (Schupp et al., 2009). Previous results showed that all-trans retinoic acid (ATRA), one of the active metabolites of vitamin A, could successfully treat patients with acute promyelocytic leukemia (APL) (Gottardi et al., 2020). Another study uncovered that ATRA prevented the relapse of breast cancer via promoting the differentiation of cancer stem cells (Li et al., 2011). In addition, ATRA has been applied to inhibit tumor cell growth in glioblastoma (Mirani et al., 2019). 9-cis RA (9-cis-13,14-dihydroretinic acid) is a potential activator of RARs and RXRs, which has been uncovered to inhibit tumor progression (Gottardis et al., 1996; Christov et al., 2002; Karsy et al., 2010).
Peptidyl-prolyl cis-trans isomerase NIMA-interacting 1 (Pin1) was originally identified in 1996 (Ping Lu et al., 1996), which functions as an enzyme specifically catalyzing the isomerization of phosphorylated serine-proline or phosphorylated threonine-proline (pSer/Thr-Pro) motifs (Zhou and Lu, 2016). Emerging evidence has demonstrated that Pin1-mediated prolyl isomerization plays pivotal roles under both physiological and pathological conditions, including in human cancers (Sacktor, 2010; Tun-Kyi et al., 2011). Pin1 is aberrantly increased or constitutively activated in multiple tumors (Chen et al., 2018), and high expression of Pin1 is closely correlated to poor clinical prognosis (Zhou and Lu, 2016). Pin1 regulates the self-renewal of Cancer Stem Cells (CSCs) by maintenance the stability of Nanog, octamer-binding protein 4 (OCT4), and MYC (Nishi et al., 2011; Farrell et al., 2013). Importantly, recent study also showed that Pin1 inhibition by ATRA or short hairpin RNA, reduces cancer development by inhibiting Wnt/β-catenin and PI3K/AKT signaling pathways in gastric cancer (Zhang et al., 2019).
In this study, we showed that hypoxia adaptation selection mutant form of RETSATR/R inhibits xenograft tumor cell growth (Xu et al., 2021), and DMBA/TPA induced cutaneous keratinocyte carcinoma formation in vivo. However, higher expression of RETSAT was observed in gliomas (Figure 1A), suggesting that RETSAT may have differential role in the central nervous system. Multiple mutations on RETSAT were also identified in SKCM (Table 1), but none of them is Q247R mutation, which is more likely a gain-of-function mutation based on the in vitro enzymatic assay (Xu et al., 2021). Previous evidence has shown that RETSAT saturates the 13-14 double bond of all-trans-retinol to produce all-trans-13-14-dihydroretinol, a product important for vitamin A metabolism. While, all-trans retinoic acid (ATRA), the active metabolite of vitamin A and the downstream bio-product of RETSAT, has recently been used to inhibit and degrade Pin1, leading to reduced APL and triple negative breast cancer growth (Moise et al., 2004; Wei et al., 2015). Therefore, the extrinsic inhibitory function of RETSATR/R mutant might result from the increased generation of its downstream bio-products (Xu et al., 2021) or/and increased immune infiltration level (Figures 3A,B). In addition, we showed that RETSAT is closely associated with Pin1 and Akt1 by PPI network analysis, and also involved in PI3K/Akt signaling pathway by GSEA analysis (Figures 6A,B). Together with the findings that RETSAT knockdown promotes, while RETSAT overexpression inhibits, mouse B16 and fibroblast cell proliferation (Figures 4A–M), and RETSATR/R mutation reduces Pin1 and phosphorylated Akt1 protein expressions (Figures 6D–H), we hypothesized that the intrinsic inhibitory role of RETSAT could be mediated by protein-protein interaction. Therefore, to further explore the extrinsic and intrinsic mechanisms of RETSAT repressing tumor progression, the gene/protein interacting network as well as the expression profiles of the downstream bio-products, should be thoroughly characterized in the future.
Regard to our findings that RETSAT might play as a tumor suppressor in most types human cancers, we hypothesized that the somatic mutations on RETSAT in SKCM tissues mostly cause loss-of-function. Retinol has six biologically active isoforms, including all-trans, 11-cis, 13-cis, 9,13-di-cis, 9-cis, and 11,13-di-cis, with all-trans being the predominant form (Rhee and Plutzky, 2012). Exploring the potential anti-cancer roles of the precursors of vitamin A metabolism will pave a new way treating SKCM patients, especially those with advanced stages. Therefore, to improve the clinical outcome for SKCM patients, it will be critical to identify new drugs or strategy to stabilize and activate RETSAT in the future.
MATERIALS AND METHODS
Immune Infiltration Analysis
We employed the TIMER to analyze the correlation between RETSAT expression and immune infiltration (Li et al., 2017). The TISIDB database was employed analyzing the association between RETSAT and immune regulators (immunostimulators or immunoinhibitors) (Ru et al., 2019). GEPIA and UALcan databases were employed to analyze the expression and prognosis of RETSAT in TCGA SKCM (Chandrashekar et al., 2017; Tang et al., 2017).
Cell Culture and Reagents
Mouse embryonic fibroblasts (MEFs) were generated from RETSATR/R (mutant) or RETSATQ/Q (wild-type) mice, and B16 cells were cultured in DMEM medium (Corning) supplemented with 10% fetal bovine serum (FBS) and 1% penicillin/streptomycin. Cells were all incubated in a humidified atmosphere with 5% CO2 at 37°C.
Constructs, Transfection and Lenti-Viral Infection
As described before (Xu et al., 2021), RETSAT CDS (or mutant CDS DNA fragment) was sub-cloned into pCDH-MSCV-E2F-eGFP lenti-viral vector with a 3×Flag tag at the C-terminus. Independent shRNAs targeting RETSAT mRNA were synthesized and sub-cloned into the lenti-viral vector pLKO.1 (Addgene, Cambridge, United States). Cells were transfected with indicated shRNAs or control scramble shRNA using Lipofectamine 2000 (Invitrogen), and then collected for various experiments, mouse mRETSAT-shRNA#1: GTG​GTG​TCC​TCC​CTC​CTA​CAG, mRETSAT-shRNA#2: AGC​AAT​TCC​TTG​CAC​ATA​TAA.
Real-Time RT-PCR Assay
For Real-time RT-PCR assay, indicated cells were lysed by RNAiso Plus (Takara Bio, Beijing, China, Cat. 108-95-2). Total RNAs were extracted according to the manufacturer’s protocol, and then reverse transcribed using RT reagent Kit (Takara Bio, Beijing, China, Cat. RR047A; TIANGEN Biotech, Beijing, China, Cat. KR211-02). Real-time PCR was performed by FastStart Universal SYBR Green Master Mix (Roche, Cat. 04194194001; TIANGEN Biotech, Beijing, China, Cat. FP411-02) using an Applied Biosystems 7500 machine. The primers used in this study are: mRETSAT-qPCR-F: CCC​ATC​AAG​CAA​GGA​TCC​AA, mRETSAT-qPCR-R: ATG​GGT​ACC​AGC​GCA​GTC​A.
Cell Proliferation
The cell proliferation assay was performed as previously described (Xu et al., 2020). For cell growth assay, indicated cells were plated into 12-well plates and the cell numbers were subsequently counted each day. For BrdU incorporation assay, indicated cells were cultured in 8-well plates for 24 h, pulsed with 10 μM BrdU (Abcam, Cat# ab142567) for 20 min, and fixed with 4% PFA (paraformaldehyde). Cells were then incubated with BrdU (Cell Signaling Technology, Cat# 5292s, dilution 1:1,000) primary antibody followed by secondary antibody detection (Abclonal, Cat# 61303, dilution 1:500). Cell nuclei were stained with DAPI (4′, 6-diamidino-2-phenylindole).
Xenograft Tumor Formation Assay
The transgenic mice (RETSATR/R) and their wild-type littermates (RETSATQ/Q) were derived from C57BL/6 mouse. About 4–6 weeks old age mice were subcutaneously injected with B16 cell lines (2 × 105 cells), 3 weeks later, all mice were sacrificed. The xenograft tumors from indicated groups were harvested and weighted. The mice were monitored every other day, xenograft tumor weights and volumes were measured with a sliding caliper, and tumor volumes were calculated using the formula (L×W2)/2. All animals were kept in a SPF environment and the protocols were pre-approved and conducted under the policy of Animal care and Use Committee at the Kunming Institute of Zoology, CAS.
DMBA/TPA Induced Cutaneous Keratinocyte Carcinoma
The assay was performed as previously described (Darido et al., 2011; Jiang et al., 2017). Briefly, 25 μg DMBA (Sigma Aldrich) in 200 µl acetone were applied to the dorsal skin after shaving. After 2 weeks, TPA (10 nmol) in 200 μl was applied to the same area twice weekly for up to 30 weeks. Skin specimens were collected 5 and 8 weeks after DMBA treatment, and when papilloma and SCC formed. The number of tumors per mouse was counted each week as palpable mass >1 mm in size.
Western Blot
To detect the protein expressions of Pin1, Akt1 and P-Akt1, cells were lysed in IP lysis buffer, supplemented with complete protease inhibitor cocktail (Complete Mini, Roche). Indicated proteins were detected with indicated antibodies by western blot. Proteins were resolved on SDS polyacrylamide gels, and then transferred to a polyvinylidene difluoride membrane. After blocking with 5% (w/v) milk, the membrane was stained with indicated primary antibodies as follows: Pin1(Catalog number, R25374, Dilution, 1:1,000, Supplier, ZENBIO), (Akt, Catalog number, 9272, Dilution, 1:1,000, Supplier, Cell Signaling Technology), (p-S473-Akt, Catalog number, 9271, Dilution, 1:1,000, Supplier, Cell Signaling Technology), β-actin (Catalog number, 60008-1-1g, Dilution, 1:20,000, Supplier Proteintech).
Immunohistochemistry Assay
For immunohistochemical staining, the sections were deparaffinized in xylene and rehydrated through graded ethanol. Antigen retrieval was performed for 20 min at 95°C with sodium citrate buffer (pH 6.0). After quenching endogenous peroxidase activity with 3% H2O2 and blocking non-specific binding with 1% bovine serum albumin buffer, sections were incubated overnight at 4°C with indicated primary antibodies: Pin1(Catalog number, R25374, Dilution, 1:1,000, Supplier, ZENBIO), Ki67 (Catalog number, 170, Dilution, 1:400, Supplier, NOVUS). Following several washes, the sections were treated with HRP conjugated secondary antibody for 40 min at room temperature, and stained with 3, 3-diaminobenzidine tetrahydrochloride (DAB). Slides were photographed with microscope (Olympus BX43F, Japan). The photographs were analyzed with the Image-Pro Plus 7.0 software (Media Cybernetics, Inc., Silver Spring, MD, United States).
Statistics
All data are presented as the mean ± SEM. All experiments were performed at least three times. All analyses were performed using GraphPad Prism 7 (GraphPad Software). Two-tailed Student’s t-test was used for statistical analysis for experiments with two comparisons. p-values less than 0.05 were considered statistically significant. For all figures, *p < 0.05, **p < 0.01, ***p < 0.001.
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Cancer type Change Mutation type Copy change Mut sample

Cutaneous Melanoma G536R Missense Gain 35
Cutaneous Melanoma A533V Missense Gain 35
Cutaneous Melanoma G536R Missense Gain 110
Cutaneous Melanoma A533V Missense Gain 110
Cutaneous Melanoma P270T Missense Diploid 154
Acral Melanoma G536R Missense Diploid 248
Acral Melanoma A533V Missense Diploid 248
Cutaneous Melanoma S601F Missense Diploid 313
Cutaneous Melanoma S601F Missense ShallowDel 322
Cutaneous Melanoma S601F Missense ShallowDel 325
Melanoma S492F Missense Diploid 346
Cutaneous Melanoma P215L Missense Diploid 389
Cutaneous Melanoma P215Q Missense Diploid 421
Melanoma wi46* Nonsense ShallowDel 443
Cutaneous Melanoma wi46* Nonsense ShallowDel 448
Cutaneous Melanoma L180F Missense ShallowDel 499
Cutaneous Melanoma V258A Missense Diploid 510
Cutaneous Melanoma P292T Missense Diploid 510
Cutaneous Melanoma V258A Missense Diploid 517
Cutaneous Melanoma P292T Missense Diploid 517
Cutaneous Melanoma V258A Missense Diploid 517
Cutaneous Melanoma P292T Missense Diploid 517
Cutaneous Melanoma G536R Missense Diploid 526
Cutaneous Melanoma A533V Missense Diploid 525
Cutaneous Melanoma L180F Missense Diploid 528
Cutaneous Melanoma L180F Missense Diploid 576
Cutaneous Melanoma L3H Missense ShallowDel 579
Melanoma L3H Missense ShallowDel 582
Cutaneous Melanoma L3H Missense ShallowDel 587
Melanoma S34F Missense ShallowDel 743
Cutaneous Melanoma M4201 Missense Diploid 779
Cutaneous Melanoma P292s Missense ShallowDel 854
Melanoma S34F Missense ShallowDel 856
Cutaneous Melanoma R133C Missense Diploid 867
Cutaneous Melanoma P292S Missense Diploid 869
Cutaneous Melanoma R482W Missense ShallowDel 949
Cutaneous Melanoma R482W Missense Diploid 961
Cutaneous Melanoma R4g2w Missense Diploid 966
Cutaneous Melanoma P292s Missense Diploid 1,005
Cutaneous Melanoma G124w Missense Diploid 1,088
Cutaneous Melanoma V54l Missense ShallowDel 1,364
Cutaneous Melanoma L3151 Missense Diploid 1,369
Cutaneous Melanoma G172* Nonsense Diploid 1,436
Cutaneous Melanoma P168H Missense Diploid 1445
Skin Cancer P4558 Missense ShallowDel 1521
Cutaneous Melanoma W450C Missense ShallowDel 1,610
Cutaneous Melanoma G250W Missense ShallowDel 1,630
Cutaneous Melanoma P448S Missense Gain 1,718
Cutaneous Melanoma P305H Missense ShallowDel 1,749
Cutaneous Melanoma Q418 Splice ShallowDel 1,804
Skin Cancer P292S Missense ShallowDel 1,806
Skin Cancer S60L Missense ShallowDel 1,836
Cutaneous Melanoma P506S Missense ShallowDel 1,901
Cutaneous Melanoma Y176Tfs*20 FS del ShallowDel 1937
Cutaneous Melanoma P506S Missense Gain 1,938
Cutaneous Melanoma P506S Missense Gain 1,967
Cutaneous Melanoma R164* Nonsense Diploid 2,068
Melanoma G204* Nonsense Diploid 2,156
Cutaneous Melanoma 73881 Missense ShallowDel 3,224
Cutaneous Melanoma P168S Missense ShallowDel 3,330
Skin Cancer P465L Missense ShallowDel 3,403
Cutaneous Melanoma P1528 Missense ShallowDel 3,536
Cutaneous Melanoma P233L Missense ShallowDel 3843
Melanoma F25Y Missense Diploid 5,023
Cutaneous Melanoma S238F Missense Diploid 5,836
Cutaneous Melanoma R293" Nonsense Diploid 7,336
Cutaneous Melanoma H207Y Missense Diploid 16,530
Cutaneous Melanoma Hzo7vy Missense Diploid 15,834

Notes: *p < 0.05,

< 0.01, **p < 0.001.
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KDM4B inhibition by D-2HG leads to abnormal H3K9 methylation
surrounding DNA break loci, masking the H3K9me3 signal at break loci,
which is required for homology-dependent repair

IDH1 expression downregulates the DNA damage sensor ATM

IDH1mt lowers intracellular NAD+, the substrate for PARP-mediated
DNA repair

Mechanism Vulnerability Resulted drug References
susceptibility
D-2HG inhibits the ALKBH2/3 DNA repair enzymes Impaired DNA repair Alkylating agents Wang et al., 2015

PARP inhibitor

Sulkowski et al., 2017

Sulkowski et al., 2020

lonizing radiation

Inoue et al., 2016

Temozolomide (TMZ)

Luetal., 2017

D-2HG production consumes NADPH, which is required for buffering
oxidative stress

IDH1mt induced a dependency on Nrf2-guided glutathione de novo
synthesis

D-2HG inhibits BCAT1/2, consequently increasing the dependence on
glutaminase to synthesize glutathione, the pivotal metabolite in
neutralizing oxygen  radical

Sensitivity to oxidative
stress

lonizing radiation

Gelman et al., 2018

Nrf2 inhibitor

Yu et al., 2020

Radiation; glutaminase
inhibitor

McBrayer et al., 2018

IDH1mt downregulates nicotinate. Phosphoribosyltransferase (Naprt1)
resulted in a dependence on nicotinamide phosphoribosyltransferase
(NAMPT), another rate-limiting enzyme of the NAD+ salvage pathway

Sensitivity to NAD+
depletion

NAMPT inhibitor

Tateishi et al., 2015

D-2HG inhibits cytochrome ¢ oxidase (COX) in the electron transport
chain (ETC), and this lowers the threshold for apoptosis, increasing IDH
mutated cell dependence on BCL-2 for survival

D-2HG inhibits succinate dehydrogenase (SDH), which leads to
mitochondrial hypersuccinylation and impaired mitochondrial function,
resulting in the recruitment of BCL-2 to the mitochondrial membrane

D-2HG destabilizes Mcl-1 through prompting its proteasome turnover,
conferring its reliance on Bel-xL to survive

A higher dependence on
anti-apoptosis protein

BCL-2 inhibitor

Chan et al., 2015

Lietal, 2015

Bel-xL inhibitor

Karpel-Massler et al., 2017
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Gene Primer Sequence Tm
C)

Forward Reverse

STATA 5'-ttcaggaagacccaatccag-3’ 5'-tgaatattccccgactgage-3 60

p53 5'-gttccgagagcetgaatgagg -3’ 5'-tctgagtcaggcccttetgt-3' 60
Bcal-2 5'-atgtgtgtggagagegtcaa-3’ 5'-acagttccacaaaggcatcc-3' 60
p38 5'-tgactcagatgccgaagatg-3 &'-atcataaggatcggccactg-3’ 60
p21 5'-ggaagaccatgtggacctgt-3’ 5'-ggattagggcttcctettgg-3 60
MDM2  5'- ggtgggagtgatcaaaagga-3’ 5'-gtggcgttttctttgtegtt-3 60
CDK4 5'-cccgaagttcttctgcagte-3 5'-ctggtcggcttcagagtttc-3' 60
Cyclin D1 &'~ cetgtectactaccgectca -3/ 5'- cacctectcectectectett -3 60
IL-6 5'-actcacctcttcagaacgaattg-3'  5'-ccatctttggaaggttcaggttg-3’ 60

IL-8 5'-actgagagtgattgagagtggac-3'  5'-aaccctctgcacccagttttc-3 60
GLUT1  5'-gcgggttgtgecatactcatgace-3'5'-aggccacaaagccaaagatggec-3' 59
HKI 5’-gagccaccactcaccctact-3 5'-ccaggcattcggcaatgtg-3’ 60
LDHA 5'-ttgacctacgtggcttggaag-3°  5'-ggtaacggaatcgggetgaat-3/ 60
B-tubulin 5'-aagatccgagaagaataccctga-3'  5'-ctaccaactgatggacggaga-3’ 60

STAT1, signal transducer and activator of transcription 1; Bcl-2, B-cell lymphoma
2; CDK4, cyclin dependent kinase 4; IL-6, interleukin 6; IL-8, interleukin 8; Glut1,
glucose transporter 1; LDHA, lactate dehydrogenase A.
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Id Gender Age Stage

Patient 1 Female 55 Stage Il
Patient 2 Female 62 Stage IV
Patient 3 Male 7 Stage |
Patient 4 Female 54 Stage Il
Patient 5 Male 63 Stage IV
Patient 6 Male 66 Stage Il
Patient 7 Male 78 Stage I
Patient 8 Male 67 Stage I
Patient 9 Female 49 Stage Il
Patient 10 Female T Stage IV
Patient 11 Male 56 Stage Il
Patient 12 Male 79 Stage Il
Patient 13 Female 67 Stage Il
Patient 14 Female 73 Stage Il
Patient 15 Male 7 Stage Il
Patient 16 Male 73 Stage Il
Patient 17 Male 69 Stage IV
Patient 18 Female 63 Stage Il
Patient 19 Female 67 Stage IV
Patient 20 Female 66 Stage IV
Patient 21 Male 64 Stage Il
Patient 22 Female 71 Stage Il
Patient 23 Female 65 Stage Il
Patient 24 Male 59 Stage |
Patient 25 Male 67 Stage IV
Patient 26 Female 54 Stage Il
Patient 27 Male 70 Stage Il
Patient 28 Male 55 Stage Il
Patient 29 Male &g Stage Il
Patient 30 Male 76 Stage IV
Patient 31 Male 65 Stage I
Patient 32 Female 67 Stage IV
Patient 33 Female 59 Stage IV
Patient 34 Female 54 Stage Il
Patient 35 Male 46 Stage Il
Patient 36 Female 54 Stage IV
Patient 37 Male 43 Stage Il
Patient 38 Male 72 Stage Il
Patient 39 Male 58 Stage IV

Patient 40 Female 66 Stage Il
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Clinicopathological B SE Wald p-Value 95% CI
features

Tumor size (cm) 0.350 0.515 0.462 0.497 0.257~1.934
Lauren classification 1.974 1.185 2.715 0.096 0.706~73.446
Tissue differentiation 3.301 1.228 7.228 0.007 2.446~300.984
Infiltrating depth 0.104 0.739 0.020 0.888 0.261~4.724
TNM stage 1.789 1.246 2.062 0.151 0.520~68.760
ASNR expression 2,772 0.821 11.400 0.001 0.013~0.313
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Features Number Lnc_ASNR expression levels X2 p-Value
High Low

Gender

Male 46 24 22 0.010 0.921

Female 30 16 14

Age (years)

<69 35 21 14 1.413 0.235

>59 41 19 22

Tumor size (cm)

<4.8 48 20 28 6.283 0.012

»4.8 28 20 8

Lauren classification

Intestinal 21 7 14 11.689 0.003

Diffuse 30 23 7

Mixed 25 10 15

Tissue differentiation

Well 5 0 5 12.110 0.001

Moderate 36 15 21

Poor 35 26 18

Infiltrating depth

T 3 0 3 10.717 0.008

T2 26 9 12

T3 40 25 15

T4 7 6 I

Nodal status

NO 18 3 15 16.223 0.001

N1 16 8 8

N2 18 10 8

N3 25 19 5

Distant metastasis

MO 74 38 36 1.849 0.495

M1 2 2 0

TNM stage

| 6 1 5 8.756 0.018

Il 28 11 17

M 40 26 14

\% 2 2 0
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Characteristics All cases 5-year survival rate X2 p-Value

Gender

Male 46 54.35% (25/46) 0.039 0.842
Female 30 56.67% (17/30)

Age (years)

<60 35 54.29% (19/35) 0.025 0.874
>60 4 56.10% (23/41)

Tumor size (cm)

<4.8 48 66.67% (32/48) 6.853 0.009
>4.8 28 35.71% (10/28)

Lauren classification

Intestinal 21 76.19% (16/21) 8.143 0.017
Diffuse 30 36.67% (11/30)

Mixed 25 60.00% (15/25)

Tissue differentiation

Well 5 100.00% (5/5) 6.521 0.037
Moderate 36 61.11% (22/36)

Poor 35 42.86% (15/35)

Infiltrating depth

T 3 100.00% (3/3) 9.041 0.019
T2 26 69.23% (18/26)

T3 40 50.00% (20/40)

T4 7 14.29% (1/7)

Nodal status

NO 18 72.22% (13/18) 3.208 0.361
N1 16 50.00% (8/16)

N2 18 44.44% (8/18)

N3 25 52.00% (13/25)

Distant metastasis

MO 74 56.76% (42/74) 2887 0.197
M1 2 0.00% (0/2)

TNM stage

| 6 83.33% (5/6) 7.253 0.041
Il 28 67.86% (19/28)

1l 40 45.00% (18/40)

\% 2 0.00% (0/2)

ASNR expression

Low 36 75.00% (27/36) 10.777 0.001

High 40 37.50% (15/40)
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Variable Training cohort Validation cohort

(N = 760) (N =316)
N (%) N (%)

Age

<58 years old 377 (49.6) 145 (45.9)

>58 years old 383 (50.4) 171 (54.1)
Metastasis

Yes 24 (3.2) 10 3.2)

No 736 (96.8) 306 (96.8)
Tumor stage

Stage 1 137 (18.0) 51 (16.1)

Stage 2 430 (56.6) 183 (57.9)

Stage 3 167 (22.0) 74 (23.4)

Stage 4 26 (3.4) 8(2.5)
Race

Asian 37 (4.9) 19 (6.0)

Black or African American 124 (16.3) 39 (12.3)

White 546 (71.8) 227 (71.8)

Unknown 53 (7.0) 31 (9.8)
Radiotherapy

Yes 389 (61.2) 157 (49.7)

No 286 (37.6) 133 (42.1)

Unknown 85 (11.2) 26 (8.2)
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Gene Full name Category Function
name
MED10 Mediator Complex Protein Component of the Mediator
Subunit 10 Coding complex, a coactivator involved in
regulating the transcription of
nearly all RNA polymerase
Il-dependent genes
PLA2G2D Phospholipase A2 Protein Secretory calcium-dependent
Group IID Coding phospholipase A2 that primarily
targets extracellular lipids,
exerting anti-inflammatory, and
immunosuppressive effects
CYP4F11  Cytochrome P450 Protein A cytochrome P450
Family 4 Subfamily F Coding monooxygenase involved in the
Member 11 metabolism of various
endogenous substrates, including
fatty acids and their oxygenated
derivatives
GPS2 G Protein Pathway Protein Key regulator of inflammation,
Suppressor 2 Coding lipid metabolism, and

mitochondrion homeostasis that
acts by inhibiting the activity of
the ubiquitin-conjugating enzyme
UBE2N/Ubc13, thereby inhibiting
‘Lys-63’-linked ubiquitination
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Origin type of tissue specimens Immunohistochemical staining intensity X2 P-value

Negative (n, %) Positive (n, %)
BPH 37 (74) 13 (26) 2.487 0.115
61 (61) 39 (39)

PCa
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Pathological characteristics Immunohistochemical staining intensity x2 P-value
Low (n, %) Medium (n, %) Strong (n, %)

Age

<60 4 (100) - - 2.664 0.264

>60 57 (69.4) 31(32.9) 8(8.3)

Gleason score

<7 27 (50) 23 (42.6) 4 (7.4) 7.469 0.024

>7 34 (73.9) 8(17.4) 8.7

T stage

T1-2 7 (46.7) 6 (40) 2(13.3) 1.547 0.461

T34 50 (63.3) 23 (29.1) 6(7.6)

Metastasis to lymph nodes

Yes 17 (73.9) 6 (26.1) - 3.439 0.179

No 44 (57.1) 25 (32.5) 8(10.4)

Invasion to seminal vesicle

Yes 37 (68.7) 21 (33.4) 5(7.9) 0.375 0.829

No 21 (63.6) 9(27.3) 3 (9.1

AJCC clinicopathological stage

I-llc 6 (50) 4(33.3) 2(16.7) 3.348 0.501

llla-lllc 49 (60.5) 26 (32.1) 6 (7.4)

IVa-IVb 6 (85.7) 1(14.9 0

ERG staining

Negative 37 (63.8) 15(25.9) 6(10.3) 3.477 0.176

Positive 9 (42.9) 10 (47.6) 2(9.5)

Bold values illustrate statistical significance.
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Gene symbol

B3GAT3

B4GALT2

CYB5R3

GNPDA1

GOT2

HEXB

HMGCS2

PLOD2
SEPHSH

Full name

Beta-1, 3-glucuronyltransferase 3

Beta-1, 4-galactosyltransferase 2

Cytochrome b5 reductase 3

Glucosamine-6-phosphate deaminase 1

Glutamic-oxaloacetic transaminase 2

Hexosaminidase subunit beta

3-hydroxy-3-methylglutaryl-CoA synthase 2

Procollagen-lysine
Selenophosphate synthetase 1

Function of the encoded protein

B3GATS is a glycosyltransferase that plays an important role in proteoglycan (PG)
biosynthesis

B4GALT2 is a beta-1, 4-galactosyltransferase (beta4GalT) and synthesizes
N-acetyllactosamine in glycolipids and glycoproteins

CYB5RS3 encodes cytochrome b5 reductase, functions in desaturation and elongation
of fatty acids, in cholesterol biosynthesis, and in drug metabolism

GNPDA1 links the hexosamine system with the glycolytic pathway and promotes the
catabolism of hexosamines derived from glycoproteins, glycolipids, and sialic acids into
phosphate sugars to provide energy sources

GOT plays a role in amino acid metabolism and the urea and tricarboxylic acid cycles

HEXB catalyzes the degradation of the ganglioside GM2, and other molecules
containing terminal N-acetyl hexosamines

HMGCS?2 is a mitochondrial enzyme that catalyzes the first reaction of ketogenesis, a
metabolic pathway that provides lipid-derived energy for various organs during times of
carbohydrate deprivation

PLOD?2 catalyzes the hydroxylation of lysyl residues in collagen-like peptides
SEPHS1 is an enzyme that synthesizes selenophosphate from selenide and ATP
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Parameter
TCGA

Survival status

Age

Gender

Histological grade

Stage

GSE14520 in GEO

Survival status

Gender

Age

Main tumor size

MultiNodular

TNM staging

BCLC staging

CLIP staging score

Alive
Dead

<65 years
>65 years
Male
Female
G1

G2

G3

G4

Alive
Dead
Male
Female
<65 years
>65 years
>5cm
<6cm
No

Total (%)
n =370

244 (65.9)
126 (34.1)
231 (62.4)
138 (37.3)
249 (67.3)
121 (32.7)
55 (14.9)
177 (47.8)
121 (32.7)
12(3.2)

170 (45.9)
86 (23.2)
85 (23.0)
5(1.4)

180 (48.6)
94 (25.4)
80 (21.6)
13(3.5)

251 (67.8)
4(1.1)

115 (31.1)
265 (71.6)
4(1.1)

101 (27.3)

(
(
(
(
(
(

n =221

136 (61.5)
85 (38.5)
191 (86.4)
30 (13.6)
200 (90.5)
21(9.5)
80 (36.2)
140 (63.9)
176 (79.6)
45 (20.4
42.1
34.8
22.2
0)
(67.0)
10.0)

)
93 (42.1)
77(34.8)
49 (22.2)
20 (9.
8
22(
22 (10.0)
(
(
(
4
1
(0]

14
43.9)

9
94 (42.5)
35(15.8)
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Variates

Risk score
Sex

Age
Metastasis
lesion site

Coefficient

0.52465566
—0.0203184
—0.0233226
1.332515657
1.36256868

HR

1.68987686
0.97988661
0.97694732
3.79056685
3.90621424

HR 95%Cl (lower)

1.309302499
0.510247494
0.914836448
1.978018385
1.225603012

HR 95%CI (upper)

2.1810726
1.8817883
1.0432751
7.2640361
12.449798

p-value

5.58E-05
0.951337
0.486496
5.94E-05
0.021226

HR, hazard ratio; Cl, confidence interval.
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Variates

Risk score
Sex
Age
Metastasis
Lesion site

Coefficient

0.554978
—0.16642
—0.01876
1.4284
0.877566

HR

1.741903
0.846691
0.981413
417202
2.405038

HR 95%Cl (lower)

1.8324072765
0.426467921
0.910831832
2.090665046
0.902139129

HR 95%CI (upper)

2.29158578
1.680985208
1.057463256
8.325459388
6.411659127

p-value

7.31E-05
0.63435
0.622222
5.08E-05
0.079412
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Age

<18 years

>=18 years

Sex

Female

Male

Survival status
Alive

Dead

Histologic response
Stage 1/2

Stage 3/4

NA

Race

White

Asian

Black or African American
NA

Training

Validation

cohort (n = 93) cohort (n = 70)
n/% n/%
71/76.3 51/72.9
22/30.1 19//27 1
39/41.9 27/38.6
54/58.1 43/61.4
55 47
35 23
16 23
27 16
47 31
55 NA
6 NA
9 NA
20 NA

P-value

0.6115

0.6649

0.4311

0.0850

NA, not available.
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