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LncRNA-FAM66C Was Identified as a Key Regulator for Modulating Tumor Microenvironment and Hypoxia-Related Pathways in Glioblastoma












	
	ORIGINAL RESEARCH
published: 06 July 2022
doi: 10.3389/fpubh.2022.898270






[image: image2]

LncRNA-FAM66C Was Identified as a Key Regulator for Modulating Tumor Microenvironment and Hypoxia-Related Pathways in Glioblastoma

Dan Liu1†, Yue Wan1†, Ning Qu2, Qiang Fu3, Chao Liang4, Lingda Zeng5 and Yang Yang6*


1Oncology Department, Jinzhou Central Hospital, Jinzhou, China

2Department of Pediatrics, Jinzhou Central Hospital, Jinzhou, China

3Department of Neurosurgery, Shengjing Hospital Affiliated to China Medical University, Shenyang, China

4Department of General Surgery, The First Affiliated Hospital of Jinzhou Medical University, Jinzhou, China

5Department of Otorhinolaryngology Surgery, Jinzhou Central Hospital, Jinzhou, China

6Department of Neurosurgery, Jinzhou Central Hospital, Jinzhou, China

Edited by:
Yuanpeng Zhang, Nantong University, China

Reviewed by:
Tianming Ma, Chinese Academy of Medical Sciences, China
 Qie Fan, People's Hospital of Guangxi Zhuang Autonomous Region, China
 Xiuqin Li Li, ShengJing Hospital of China Medical University, China
 Huaxing Huang, The Second Affiliated Hospital of Guangzhou Medical University, China

*Correspondence: Yang Yang, cmuyy2007@sina.com

†These authors have contributed equally to this work

Specialty section: This article was submitted to Digital Public Health, a section of the journal Frontiers in Public Health

Received: 17 March 2022
 Accepted: 08 June 2022
 Published: 06 July 2022

Citation: Liu D, Wan Y, Qu N, Fu Q, Liang C, Zeng L and Yang Y (2022) LncRNA-FAM66C Was Identified as a Key Regulator for Modulating Tumor Microenvironment and Hypoxia-Related Pathways in Glioblastoma. Front. Public Health 10:898270. doi: 10.3389/fpubh.2022.898270



Although the role of hypoxia has been greatly explored and unveiled in glioblastoma (GBM), the mechanism of hypoxia-related long non-coding (lnc) RNAs has not been clearly understood. This study aims to reveal the crosstalk among hypoxia-related lncRNAs, tumor microenvironment (TME), and tumorigenesis for GBM. Gene expression profiles of GBM patients were used as a basis for identifying hypoxia-related lncRNAs. Unsupervised consensus clustering was conducted for classifying samples into different molecular subtypes. Gene set enrichment analysis (GSEA) was performed to analyze the enrichment of a series of genes or gene signatures. Three molecular subtypes were constructed based on eight identified hypoxia-related lncRNAs. Oncogenic pathways, such as epithelial mesenchymal transition (EMT), tumor necrosis factor-α (TNF-α) signaling, angiogenesis, hypoxia, P53 signaling, and glycolysis pathways, were significantly enriched in C1 subtype with poor overall survival. C1 subtype showed high immune infiltration and high expression of immune checkpoints. Furthermore, we identified 10 transcription factors (TFs) that were highly correlated with lncRNA-FAM66C. Three key lncRNAs (ADAMTS9-AS2, LINC00968, and LUCAT1) were screened as prognostic biomarkers for GBM. This study shed light on the important role of hypoxia-related lncRNAs for TME modulation and tumorigenesis in GBM. The eight identified hypoxia-related lncRNAs, especially FAM66C may serve as key regulators involving in hypoxia-related pathways.
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INTRODUCTION

Glioblastoma (GBM) is the most diagnosed cancer type in malignant brain tumors, contributing a proportion of about 57% within gliomas. Age-adjusted incidence of primary GBM varied greatly depending countries from 0.51 to 3.21 per 100,000, with a diagnosed peak in older individuals at the ages between 75 and 79 (1, 2). Genders and race make an effect on the incidence as well. In the United States, the male-to-female ratio is 4.00 vs. 2.53 per 100,000, and non-Hispanic whites have the highest incidence (2). Due to the complex diagnosis and resistance or poor sensitivity of the brain to chemotherapeutic molecules, GBM presents dismal prognosis with median overall survival (OS) of 14.4 months (3). Therefore, understanding the molecular mechanisms underlying its aggressive behavior may benefit management and targeted therapies for GBM patients.

Molecular features, such as isocitrate dehydrogenase (IDH) mutations, TERT promoter mutations, MGMT promoter methylation, and chromosome 1p/19q co-deletion status, have been found to serve as indicators for glioma prognosis and classifications (4, 5). World Health Organization (WHO) proposes three molecular classifications for GBM, IDH wild-type (wt) (corresponding to primary GBM), IDH-mutant (corresponding to secondary GBM), and NOS (lacking any access to molecular diagnostic testing) (6). Different molecular features lead to different outcomes or sensitivity to chemotherapy, which improves accurate treatments for GBM patients. For example, IDH-mutant status is associated with longer OS after chemoradiotherapy comparing with wt IDH (7). Besides chemotherapy and radiotherapy, other strategies, such as cancer vaccines, oncolytic viral therapies, immune checkpoint blockade, and chimeric antigen receptor T-cell therapy, have been developing, and clinical trials are undergoing (8).

Profound understanding of GBM pathogenesis is a basis for the targeted therapies. Abundant studies have demonstrated that hypoxia is a critical hallmark of cancer development, not excluding GBM (9, 10). Rapid tumor cell proliferation accompanying with an erratic tumor neovascularization leads to unfavorable oxygen diffusion and thus affects the formation of tumor microenvironment (TME) (11). Hypoxia inducible factor (HIF) is a transcription factor (TF) mainly for regulating hypoxic metabolism, whose upregulation is associated with worse survival (12, 13). In the regulation of HIF, long non-coding RNAs (lncRNAs) serve as activators or suppressors for interfering HIF pathway (14, 15). LncRNAs are recognized as important regulators serving as onco- and tumor-suppressor lncRNAs on the activity of TFs, RNA-binding proteins, and microRNAs. The dysregulation of lncRNAs can alter cancer genes and cancer cell proliferation synergistically with dysregulated cancer pathways (16).

A number of studies have explored a series of lncRNAs serving as biomarkers for GBM, such as HIF1A-AS2 (17), HOTAIR (18), and HOXA11-AS (19). However, a comprehensive study on the relation between hypoxia and lncRNAs in GBM has not been unveiled yet.

In this study, we employed GBM expression profiles from public databases to explore the role of lncRNAs in hypoxia and tumor progression. Using hypoxia-related lncRNAs, we constructed three molecular subtypes for comprehensively characterizing the link of lncRNAs in orchestrating TME and controlling tumorigenesis. We found that many oncogenic pathways and immune-related pathways linked to hypoxia-related lncRNAs. Unlike with some other cancer types, repeat tissue sampling is more complicated and risky in GBM patients. Therefore, effective biomarkers for predicting efficacy and prognosis before and after treatment are substantially needed. The study also identified three key hypoxia-related lncRNAs for potentially applying in GBM patients.



MATERIALS AND METHODS


Data Information

The workflow of this study was shown in Supplementary Figure S1. Using GDC Application Programming Interface (API), we downloaded RNA-seq data of GBM from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), named as TCGA-GBM dataset. “mRNAseq_693 (batch 1)” and “mRNAseq_325 (batch 2)” datasets were downloaded from Chinese Glioma Genome Atlas (CGGA) database (http://www.cgga.org.cn/), and they were combined through the function “combat” in sva R package (20), named as CGGA-GBM dataset. TCGA-GBM and CGGA-GBM samples (only primary GBM samples were included) with clinical information were retained (total 151 samples and 218 samples, respectively). GSE108474 dataset was downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/).



Identification of Hypoxia-Related LncRNAs

Hypoxia-related genes were obtained from “HALLMARK_HYPOXIA” in MSigDB (https://www.gsea-msigdb.org/gsea/msigdb/). GTF file (GRCh38.p13) was obtained from GENCODE (https://www.gencodegenes.org/) for dividing the expression profiles into mRNA and lncRNA. First, expression of a gene set in hypoxia pathway was used as an input to calculate hypoxia score for each sample in TCGA-GBM and CGGA-GBM datasets through single sample GSEA (ssGSEA) in GSVA R package (21). Then, Pearson correlation analysis was applied to assess the correlation between hypoxia score and lncRNA expression in two datasets, respectively. |coefficient| > 0.4 and p < 0.05 were determined to screen lncRNAs, defined as hypoxia-related lncRNAs.



Unsupervised Consensus Clustering

Unsupervised consensus clustering in ConsensusClusterPlus R package was implemented to construct molecular subtypes based on the expression of hypoxia-related lncRNAs (22). PAM and “canberra” algorithms were selected as measure distance. In total, 500 bootstraps were conducted with each has 80% samples of training cohort. Consensus matrix and cumulative distribution function (CDF) were used to confirm the optimal cluster number k (set from 2 to 10).



Assessment of Genomic Features and Gene Mutations

The scores of genomic features including aneuploidy, homologous recombination defects, fraction altered (the fraction of bases pairs deviating from the baseline ploidy), number of segments, and tumor mutation burden (non-silent mutation rate) were obtained from the previous research (23). The top 20 mutated genes were called by mutect2 tool (Fisher's exact test, p < 0.05) (24).



Gene Set Enrichment Analysis

Gene set enrichment analysis is a statistical method for evaluating the enrichment of a gene set in a list of gene signatures ranked by interested phenotypes, such as a pathway with a bulk of genes (25). We used GSEA to analyze all hallmark pathways and identify the differentially enriched hallmark pathways among different molecular subtypes. All hallmark pathways were collected from MSigDB (v7.4, https://www.gsea-msigdb.org/gsea/msigdb/) (26). False discovery rate (FDR) < 0.05 was selected to screen significantly enriched pathways. GSEA was also performed in TME analysis including the fraction of immune cells and the enrichment of immune checkpoints. The gene signatures of immune cells and immune checkpoints were obtained from Senbabaoglu et al. and HisgAtlas database, respectively (27, 28). ANOVA was performed among three subtypes.



Estimation of Stromal and Immune Cells in Malignant Tumors Using Expression Data

Estimation of stromal and immune cells in malignant tumors using expression data (ESTIMATE) method is conducted for evaluating the immune infiltration based on a series of gene signatures through ssGSEA (29). It is a popular tool for comparing the enrichment of stromal cells and immune cells between tumor samples and normal samples. Immune score, stromal score, and ESTIMATE score were calculated, where ESTIMATE score is the combined score of immune score and stromal score. ANOVA was conducted among three subtypes.



Tumor Immune Dysfunction and Exclusion Analysis

Tumor immune dysfunction and exclusion (TIDE) analysis (http://tide.dfci.harvard.edu) was used to calculate the enrichment score of three immunosuppressive cells, including myeloid-derived suppressor cells (MDSCs), M2 tumor-associated macrophages (TAMs), and cancer-associated fibroblasts (CAFs) (30). TIDE describes tumor immune escape through characterizing T-cell dysfunction and T-cell exclusion based on identified gene signatures, which can predict the sensitivity to immune checkpoint blockade. The Kruskal–Wallis test was conducted among three subtypes.



Analysis of the Relation Between LncRNAs and TFs

Transcription factor activity was calculated according to the algorithm of Garcia-Alonso et al. (31), and ANOVA was conducted to screen differential TFs among three subtypes (p < 0.05). Pearson correlation analysis was performed to assess the relation between nuclear lncRNAs and differential TFs (|R| ≥ 0.3, p < 0.05). ClusterProfiler R package was used to annotate significantly enriched pathways of upregulated TFs (32). The top 10 enriched pathways were visualized (p < 0.05).



First-Order Partial Correlation Analysis

First-order partial correlation analysis can eliminate the effect of one variable when there are criterion variable and two predictor variables, which is able to identify meaningful gene–gene associations (33). The association between the two variables may be sharply reduced after removing the effect of the third variable. It was applied to identify key lncRNAs linking hypoxia-related genes to hypoxia score. The hypoxia score was assumed to be x, and hypoxia-associated gene expression was y. The first-order partial correlation between x and y conditioned on lncRNAs was:
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Construction of a Prognostic Model Based on Key LncRNAs

Three identified key hypoxia-related lncRNAs were included as three indictors to establish a prognostic model defining as: risk score = Σ (beta i × Exp i). Beta represents the coefficients of univariate Cox regression. Exp represents lncRNA expression and i represents lncRNAs. Median of risk score was determined as a cut-off to classify samples into high-risk and low-risk groups.



Statistical Analysis

Statistical analysis was conducted in the R software (4.1.0). Default parameters were used if there was no indication. Statistical methods were described in the corresponding sections. p < 0.05 was considered as significant.




RESULTS


Hypoxia-Related LncRNAs Are Associated With Hypoxia Score and Survival

Hypoxia is a common characteristic of tumors that has been linked to poor survival and invasive traits in a variety of cancers, including GBM. We aimed to build a molecular subtyping system focusing on hypoxia-related lncRNAs to better understand the function of hypoxia in characterizing TME. To begin, hypoxia-related lncRNAs from the hypoxia hallmark pathway were screened using the Pearson correlation analysis to find lncRNAs that were strongly connected with hypoxia enrichment score. In TCGA-GBM and CGGA-GBM datasets, 159 and 65 lncRNAs were screened, respectively, with an intersection of eight lncRNAs between two datasets including AC017002.1, ADAMTS9-AS2, LINC00968, LUCAT1, MIR210HG, AC114730.3, FAM66C, and MYCNOS (Supplementary Table S1; Figure 1A). Then, unsupervised consensus clustering was applied based on the eight lncRNAs in TCGA-GBM dataset. The optimal cluster number k = 3 was determined by CDF, relative change in area under CDF curve and consensus matrix (Figures 1B–D). As a result, three molecular subtypes of C1, C2, and C3 were defined to classify GBM samples. Not surprisingly, C3 subtype with the lowest hypoxia score had the longest survival, whereas C1 subtype with the highest hypoxia score had the worst survival in both TCGA-GBM and CGGA-GBM datasets (Figures 1E–H), indicating that the eight hypoxia-related lncRNAs did have a strong correlation with GBM progression.


[image: Figure 1]
FIGURE 1. Three molecular subtypes of GBM based on hypoxia-related long non-coding RNAs (lncRNAs). (A) Venn plot of hypoxia-related lncRNA significantly associated with hypoxia score in TCGA-GBM and CGGA-GBM datasets. Pos and Neg represent positive and negative correlations between lncRNAs and hypoxia score. (B,C) CDF curve and relative change in area under CDF curve when cluster number k = 2–10. (D) Consensus matrix when k = 3. (E,F) Kaplan–Meier survival plot of three subtypes in TCGA-GBM and CGGA-GBM datasets. Log-rank test was conducted. (G,H) Hypoxia score of three subtypes in TCGA-GBM and CGGA-GBM datasets. The Kruskal–Wallis test was conducted. Log-rank test was conducted in (E,F). The Kruskal-Wallis test was conducted in (G,H). ***P < 0.001, ****p < 0.0001. GBM, glioblastoma; TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas; CDF, cumulative distribution function.




C3 Subtype Has the Highest Proportion of IDH-Mutant Type

Age and gender were reported to be associated with GBM occurrence and survival, with that advanced ages had a higher incidence and poor survival rate (34). Males are more common to develop GBM comparing with females. We investigated the distribution of three subtypes in different ages and genders. Although no significant difference was observed, still a tendency indicated that older ages had a higher proportion in subtypes with worse survival in both two datasets (Figures 2A,B). Of genders, all three subtypes presented higher proportions of males, but no difference and regularity were observed (Figures 2C,D).
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FIGURE 2. The distribution of different clinical features including age (A,B), gender (C,D), and molecular features including IDH (E,F), 1p/19q co-deletion (G,H), MGMT promoter methylation (I,J) in three subtypes. The upper group is TCGA-GBM dataset and the lower group is CGGA-GBM dataset. ANOVA was conducted. *p < 0.05. NaNNA, no available data. IDH, isocitrate dehydrogenase; GBM, glioblastoma; TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas.


Isocitrate dehydrogenase, 1p/19q, and MGMT promoter methylation are three important features reported to serve as prognostic indicators for gliomas (5), with IDH-wt and IDH-mutant are two WHO classifications for GBM (6). To illustrate whether a correlation was shown between these molecular features and lncRNA expression patterns, we analyzed the distribution of three features in three subtypes. As a result, we found that C3 subtype had the highest proportion of the combination of IDH-mutant, 1p/19q co-deletion, and MGMT promoter methylation (Figures 2E–J), which was consistent with the previous observations that these three status were associated with longer survival (4, 5). Especially, a higher proportion with over than 1/4 of samples in C3 subtype had IDH mutation in CGGA-GBM dataset (p < 0.05, Figure 2F). IDH mutation has been demonstrated to have an effect on cellular metabolism, cancer biology and oncogenesis (35). The above results supported that the molecular subtyping based on the eight lncRNAs had a close relation with clinical features and classical molecular features.



Different Mutation Patterns Among Three Subtypes

Furthermore, we tried to elucidate if there was a difference of genomic features among three subtypes. Five aspects, including aneuploidy, homologous recombination defects, fraction altered (the fraction of bases pairs present in the copy number profiles deviating from the baseline ploidy), number of segments (the total number of segments present in the copy number profile), and tumor mutation burden, were selected, and corresponding scores of three subtypes were calculated in TCGA-GBM dataset (Supplementary Figure S2A). Only homologous recombination defects and number of segments were shown to be differential among three subtypes, with a tendency of samples with worse survival had lower scores. Furthermore, analysis on the correlation between genomic features and hypoxia score also revealed a negative correlation of homologous recombination defects and number of segments with hypoxia score (Supplementary Figure S2B, R = −0.318, p = 0.000114; R = −0.396, p = 8.34e−07, respectively), which was accordant with the result that C3 subtype with the longest survival had the lowest hypoxia score (Figures 1E–H).

In addition, we analyzed gene mutations of all samples in TCGA-GBM dataset and screened the top 20 significantly mutated genes. Overall, C3 subtype had the most mutations and copy number variations (Supplementary Figure S2C). In C1 subtype, CKMT1A and MKS1 were mostly mutated with frequencies of 14 and 11%, respectively. In C2 subtype, DNAH11 and PUM1 consisted of 19 and 15% mutation rate, respectively. In C3 subtype, PIK3CA mutations contributed a highest proportion of 21%. Notably, IDH1 was only found to be mutated in C3 subtype, and the majority mutation type was missense, which was consistent with the previous research that IDH-mutant patients had longer OS (35). Three subtypes manifested the distinct mutation patterns that may contribute to distinct prognosis.



Oncogenic Pathways Are Highly Enriched in C1 Subtype

As three subtypes based on lncRNA expression have been demonstrated to be associated with survival and molecular features, we assumed that these eight lncRNAs may be involved in critical pathways affecting prognosis. By using GSEA on hallmark pathways for samples in two datasets, significantly enriched pathways were outputted (FDR < 0.05, Figures 3A,B). In TCGA-GBM dataset, a total of 38 pathways were dysregulated with 28 activated and 10 suppressed, comparing with C3 subtype (Figure 3A). In CGGA-GBM dataset, 30 pathways were activated, and three pathways were suppressed in C1 subtype in comparison with C3 subtype. Within these activated pathways, oncogenic pathways were highly enriched such as epithelial mesenchymal transition (EMT), tumor necrosis factor-α (TNF-α) signaling via NFKB, hypoxia, angiogenesis, KRAS signaling, P53 signaling, and glycolysis pathways (Figure 3C). The above-enriched pathways have been illustrated to be highly activated in cancer, and they are commonly activated together with hypoxia such as EMT and angiogenesis can be induced by hypoxia (36, 37). Immune-related pathways were also enriched such as interferon-γ response, inflammatory response, and IL6-JAK/STAT3 signaling pathways. In comparison with C2 subtype, these activated pathways were more enriched in C1 subtype (Figures 3D,E), implying that the eight lncRNAs for subtyping possibly served as important regulators in activating these oncogenic or immune-related pathways.
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FIGURE 3. Differentially enriched pathways among three subtypes. (A,B) Relatively activated and suppressed hallmark pathways of C1 subtype comparing with C3 subtype in TCGA-GBM and CGGA-GBM datasets. Count represents the number of genes. (C) Normalized enriched score (NES) of differentially enriched pathways in two datasets. (D,E) Rader plots of upregulated pathways of C1 vs. C3 and C2 vs. C3 in two datasets. Dotted circles from inner to outside indicate NES of −4, 0, and 4, respectively.




Worse Survival Is Associated With Higher Immune Infiltration

In most of cancer types, high immune infiltration of lymphocytes indicates favorable survival. However, due to immunosuppressive microenvironment of the brain, the relation between immune infiltration and survival is controversial in GBM, with most references support the conclusion that high immune infiltration is correlated with worse survival (38, 39). To reveal the relation between subtypes and immune infiltration, we obtained gene signatures of 24 immune cell types from previous research (27) and evaluated their expression levels to estimate the proportion of these immune cells. The result showed that C1 subtype had higher proportion of most immune cells, such as dendritic cells (DCs), CD8 T cells, cytotoxic cells, macrophages, natural killer (NK) cells, and regulatory T (Treg) cells (Figures 4A,B). In addition, high activity of angiogenesis and antigen presenting in C1 subtype also facilitated the formation of unfavorable TME. The highest stromal score and immune score were also exhibited in C1 subtype (p < 0.0001, Figures 4C,D), supporting the result in previous studies that high immune infiltration was related to unfavorable survival. Compared with normal samples, tumor samples exhibited significantly higher immune infiltration, especially in recurrent samples (p < 0.001, Supplementary Figure S3). Additionally, unsupervised consensus clustering on gene signatures of immune cells showed the same conclusion that C1 subtype obviously had higher immune infiltration than C3 subtype (Figures 4E,F). Therefore, we inferred that hypoxia-related lncRNAs may modulate TME through immune-related pathways.
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FIGURE 4. Description of tumor microenvironment (TME) in three subtypes. (A) Estimated proportion (ssGSEA score) of immune cells through GSEA in TCGA-GBM dataset. (B) Stromal score and immune score of three subtypes calculated by ESTIMATE in TCGA-GBM dataset. (C) Estimated proportion (ssGSEA score) of immune cells through GSEA in CGGA-GBM dataset. (D) Stromal score and immune score of three subtypes calculated by ESTIMATE in CGGA-GBM dataset. (E,F) Unsupervised consensus clustering of immune cells for C1 and C3 subtypes. The Kruskal–Wallis test was conducted. ns, no significance. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.




Distinct Expression of Immune Checkpoints in Three Subtypes

To further understand the mechanism of TME modulation, we assessed the expression of 21 immune checkpoints for all samples (28). Obviously, most of immune checkpoints were highly expressed in C1 subtype (Supplementary Figure S4), indicating activated immune response and active communication between immune-related cells. Among these immune checkpoints, 13 of 21 were all highly expressed in C1 subtype in both two datasets, including ARHGEF5, CD244, CD27, CD274, CD80, CEACAM1, CTLA4, GEM, HAVCR2, ICOS, IDO1, PDCD1, and TNFSF4 (Figures 5A,B). Upregulation of some immune checkpoints, such as CD27, CD274 (PD-L1), CTLA4, IDO1, and PDCD1 (PD-1), were reported to be associated with poor survival and recurrence in gliomas (40–43).


[image: Figure 5]
FIGURE 5. Expression of immune checkpoints and the proportion of critical immune cells in three subtypes. (A,B) Immune checkpoints that were differentially expressed among three subtypes in TCGA-GBM and CGGA-GBM datasets. The vertical axis indicates log (TPM+1) expression value. ANOVA was conducted. (C–H) Estimated proportion of myeloid-derived suppressor cells (MDSCs), M2 tumor-associated macrophages (TAMs) and cancer-associated fibroblasts (CAFs) in TCGA-GBM and CGGA-GBM datasets. The Kruskal–Wallis test was conducted. ns, no significance. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.


Myeloid-derived suppressor cells and M2 TAMs are believed to contribute to immune suppression in GBM (38). In both two datasets, we observed relatively low enrichment of MDSCs and M2 macrophages in C1 subtype (Figures 5C–F). CAFs are illustrated to be implicated in angiogenesis, tumor growth, migration, and malignancy (44). In our results, CAFs were shown to be the most accumulated in C1 subtype (Figures 5G,H), supporting that CAFs play critical roles in leading to tumor-beneficial TME and tumor progression. Consequently, these results further supported the reasonability of our molecular subtyping and indicated the important role of hypoxia-related lncRNAs in regulating TME.



Hypoxia-Related LncRNAs Are Involved in Tumorigenesis Through Regulating Transcriptional Factors

In the previous sections, we identified eight hypoxia-related lncRNAs and developed three molecular subtypes based on these lncRNAs. Oncogenic pathways and immune-related pathways were highly enriched in C1 subtype (Figure 3). Notably, C1 subtype showed high immune infiltration and high expression of immune checkpoints (Figures 4, 5). Therefore, we suspected that hypoxia-related lncRNAs were involved in promoting tumorigenesis possibly by regulating expression of genes contributing to tumor progression. To verify our hypothesis, we next analyzed the relation between hypoxia-related lncRNAs and protein-coding genes (PCGs). Significant correlations of whether positive or negative were observed between them in both two datasets (Figure 6A), suggesting that hypoxia-related lncRNAs served as regulators on PCG expression.
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FIGURE 6. Exploring the function of hypoxia-related long non-coding RNAs (lncRNAs). (A) Correlation between hypoxia-related lncRNAs and PCGs. (B) Location of hypoxia-related lncRNAs analyzed by LncATLAS. Positive indicates RCI > 0 and negative indicates RCI < 0. (C) The location of the 8 identified hypoxia-related lncRNAs. Red indicates RCI > 0 and green indicates RCI < 0. (D) The top 10 TFs negatively correlated to nuclear lncRNAs. (E) The number of activated and suppressed TFs by comparing C1 with C3. (F) The top 10 enriched pathways of upregulated TFs in C1 subtype. Size indicates gene counts.


Long non-coding RNAs regulate gene expression through various ways largely depending on the location of lncRNAs. We then applied LncATLAS to assess the location of hypoxia-related lncRNAs. According to relative concentration index (RCI), we found that most of lncRNAs located in the nuclear (negative, RCI < 0), with 62.06% in TCGA-GBM dataset and 70.19% in CGGA-GBM dataset (Figure 6B). Of eight hypoxia-related lncRNAs using for subtyping, six of them located in the nuclear besides AC017002.1 and MYCNOS only locating in the cytoplasm (Figure 6C). LncRNAs located in the nuclear were reported to regulate gene expression through interacting with genes directly or recruiting TFs (45). Therefore, we next evaluated the TF activity related to the six lncRNAs in three subtypes based on the algorithm developed by Garcia-Alonso et al. (31). As a result, a total of 52 and 48 TFs in TCGA and CGGA datasets, respectively, were screened to be differentially expressed among three subtypes (Supplementary Tables S2, S3). Correlation analysis between differential TFs and nuclear-located lncRNAs identified the top 10 TFs that were all negatively correlated with lncRNA expression (p < 0.05, Figure 6D).

By comparing the TF activity between C1 and C3 subtypes, we found the majority of TFs were relatively upregulated in C1 subtype (Figure 6E), and 33 TFs were upregulated in both two datasets. We inferred that these 33 TFs played key roles in tumor progression, and thus implemented enrichment analysis on them to identify key pathways. Not surprisingly, the result showed that 33 TFs were highly enriched in oncogenic pathways including PI3K-Akt signaling, JAK-STAT signaling, HIF-1 signaling, and p53 signaling pathways (Figure 6F). Among 33 upregulated TFs, we observed that lncRNA-FAM66C was strongly and negatively correlated with 10 of 33 TFs including RELA, FOS, STAT3, NFKB1, CEBPB, ETS1, SP1, USF2, ETS2, and SMAD3 (R < −0.3, p < 0.05, Figure 7). Some of these TFs have been abundantly reported to regulate immune response, such as RELA, STAT3 and SMAD3, suggesting that lncRNA-FAM66C plays a pivotal role in orchestrating immune response and TME.


[image: Figure 7]
FIGURE 7. LncRNA–TF pairs that exhibited negative correlation (R < −0.3) in both two datasets. Horizontal axis indicates TFs and vertical axis indicates lncRNAs. PCG, protein-coding gene; TF, transcription factor; RCI, relative concentration index.




Identifying Three Key Hypoxia-Related LncRNAs With Prognostic Value

As hypoxia-related lncRNAs were illustrated to be highly associated with hypoxia score, oncogenic pathways and prognosis, we attempted to identify key lncRNAs serving as prognostic indicators based on first-order partial correlation analysis. According to the correlation analysis among hypoxia score, the expression of hypoxia-related genes, and the six lncRNAs, we identified three key lncRNAs (ADAMTS9-AS2, LINC00968, and LUCAT1) that significantly affected the correlation between hypoxia score and the expression of hypoxia-related genes when eliminating three lncRNAs in both TCGA-GBM and CCGA-GBM datasets (Figure 8A). GSEA on hypoxia-related genes with relation to all three lncRNAs revealed that immune-related pathways were significantly enriched including cytokine–cytokine receptor interaction, IL-17 signaling pathway, TNF signaling pathway, NF-kappa B signaling pathway, and complement and coagulation cascades (Figure 8B). In the relation between immune cells and the three lncRNAs, we observed that the expression of three lncRNAs were all significantly associated with the enrichment of macrophages (p < 0.05, Supplementary Figure S5). In addition, LINC00968 and LUCAT1 were also significantly correlated with neutrophils and immature DCs (iDCs), whereas cytotoxic cells and DCs were only correlated with LUCAT1 (p < 0.01, Supplementary Figure S5). In a pan-cancer analysis of the relation between LINC00968 and immune infiltration, we found its expression also strikingly correlated with the immune infiltration in other cancer types (Supplementary Table S4). Moreover, we established a prognostic model based on the three lncRNAs (Risk Score = 0.1782968*ADAMTS9-AS2 + 0.1510304*LINC00968 + 0.1551735*LUCAT1), and found that these three lncRNAs were effective to classify samples into high-risk and low-risk groups in both TCGA-GBM and CGGA-GBM datasets (Figures 8C,D, p = 0.0052 and p = 0.002, respectively). In addition, receiver operating characteristic (ROC) analysis showed that the model had a favorable performance in predicting prognosis for GBM patients (Supplementary Figure S6).


[image: Figure 8]
FIGURE 8. Identifying key hypoxia-related long non-coding RNAs (lncRNAs). (A) First-order partial correlation analysis among hypoxia score, expression of hypoxia-related genes, and lncRNAs. Green and red curves indicate GSE108474 and TCGA-GBM datasets, respectively. Solid and dotted curves indicate the correlation between hypoxia score and expression of hypoxia-related genes before and after removing the effect of lncRNAs, respectively. (B) GSEA of hypoxia-related genes associated with three key lncRNAs. Size indicates gene counts. (C,D) Kaplan–Meier survival plots of high-risk and low-risk groups classified by three key lncRNAs in TCGA-GBM (C) and CGGA-GBM (D) datasets.





DISCUSSION

Hypoxia is involved in the formation of cancer hallmarks such as angiogenesis, TME modulation, and dysregulated metabolism (10). In the present study, we underlined the critical role of hypoxia for GBM development through describing the associations among hypoxia-related genes, hypoxia-related lncRNAs, TME, and oncogenic pathways. Importantly, we expanded the possible mechanism of hypoxia in contributing to modulate TME and promote tumorigenesis.

Based on the eight identified hypoxia-related lncRNAs, we constructed three molecular subtypes with differential OS. IDH mutations were found to be the most in C3 subtype, supporting the previous finding that mutant IDH was a favorable factor for OS and progression-free survival in GBM patients (46). It has been reported that IDH-wt glioma stem cells (GSCs) presented larger transcriptomic changes than IDH-mutant GSCs in response to hypoxia (47). This significant difference indicates different mechanisms of two IDH status to hypoxia, which may contribute to different extent of tumor cell growth.

In the comparison of enriched pathways between C1 and C3 subtypes, a number of oncogenic pathways were significantly upregulated in C1 subtype, such as EMT, TNF-α, hypoxia, angiogenesis, and glycolysis. It was reasonable that hypoxia pathway was more activated in C1 subtype, which proved that the 8 hypoxia-related lncRNAs contributed an essential part in regulating hypoxia-related genes. Hypoxia activates HIF-1 whose overexpression is strongly associated with facilitated tumor cell migration, metastasis, and angiogenesis (48). EMT is one of basic mechanisms for tumor cell migration, and HIF-1 pathway is considered as the most important one for hypoxia-induced EMT (49). In the HIF-1 signaling, immune modulators, such as interleukin-1 (IL-1) and TNF-α, serve as stimulators to promote HIF-1 expression (50). Furthermore, HIF-1 is involved in regulating many genes responsible for glucose metabolism, which promotes glycolysis through driving phase transition of key glycolytic enzymes (51). These cascade responses induced by hypoxia result in the invasive tumor cells and progressive phenotypes corresponding to C1 subtype.

Tumor microenvironment is known as the important aspect for understanding anti-tumor response and sensitivity to immunotherapy. In solid tumors, the existence of hypoxia is also followed by the TME modulation. Highly enriched immune-related pathways in C1 subtype such as interferon gamma response, inflammatory response, IL6-JAK-STAT3, and IL2-STAT5 suggested a close relation between hypoxia and these pathways. Actually, C1 subtype also manifested significant upregulation of a number of immune checkpoints, especially CD27, CD274 (PD-L1), CTLA4, IDO1, and PDCD1 (PD-1) whose overexpression was associated with immunosuppressive response. PD-L1 was demonstrated to be upregulated under HIF-1 promotion that activated by hypoxia (52). Heiland et al. found that activated JAK/STAT signaling and CD274 expression were both shown in tumor-associated astrocytes (40). The inhibition of JAK/STAT pathway restored activated microenvironment from the immunosuppressive microenvironment and reduced tumor cell proliferation in tumor-associated astrocytes. Therefore, we guessed that HIF-1 upregulated PD-L1 expression through activating JAK-STAT signaling. In this process, hypoxia-related lncRNAs may serve as important roles in modulating gene expression.

Among the eight lncRNAs, some of them have been reported to be involved in cancer migration and progression in many cancer types. For example, ADAMTS9-AS2 is considered as a tumor suppressor in inhibiting the migration of glioma cells, with the regulation by DNMT1 (53). ADAMTS9-AS2 upregulation also suppresses cancer cell progression in lung cancer (54), liver cancer (55), and gastric cancer (56). LINC00968 serves as oncogenic or tumor-suppressive roles in different cancer types. In breast cancer, LINC00968 can attenuate cancer cell proliferation, migration, and angiogenesis (57). However, LINC00968 promotes the progression of epithelial ovarian cancer regulating by ERK and AKT pathways (58). The lung cancer-related transcript 1 (LUCAT1) has been numerously reported in contributing cancer cell proliferation, migration, and invasion in breast cancer, liver cancer, ovarian cancer, and so on, which is recognized as a potential prognostic biomarker (59). MIR210HG is also identified as a prognostic lncRNA in glioma (60), hepatocellular carcinoma (61), and colorectal adenocarcinoma (62). FAM66C is not much reported compared to the above lncRNAs, but it is illustrated to promote cell proliferation by suppressing proteasome pathway in prostate cancer, promote cancer progression in cholangiocarcinoma and pancreatic cancer (63–65). MYCNOS also functions as an oncogenic role in promoting GBM cell proliferation and hepatocellular carcinoma invasion (66, 67).

As our molecular subtypes based on the eight hypoxia-related lncRNAs exhibited consistent results with previous research, we tried to further parse the role of hypoxia-related lncRNAs in GBM development. As a consequence, we identified that 33 TFs were significantly upregulated in C1 subtype comparing with C3 subtype. Not surprisingly, JAK-STAT signaling and HIF-1 signaling pathways were significantly enriched in these upregulated TFs, indicating the key role of hypoxia-related lncRNAs in TME modulation possibly by regulating the expression of 33 TFs. Notably, we identified 10 TFs that were strongly correlated with lncRNA-FAM66C (one of the eight hypoxia-related lncRNAs). Among these TFs, RELA was demonstrated to upregulate HIF-1α expression and EMT in GBM (68). FOS was identified as a hypoxia-induced gene in a malignant glioma cell line (69). CEBPB (70), ETS-1 (71), SP1 (72), USF2 (73), and SMAD3 (74) were all reported to be associated with hypoxia response in GBM or other solid tumors. Particularly, STAT3 was also identified to be highly associated with lncRNA-FAM66C. The results strongly supported that lncRNA-FAM66C was a pivotal regulator contributing to the network in hypoxia-related pathways. So far, no research has reported the function of FAM66C in GBM development. To further demonstrate its role in hypoxia and tumorigenesis, strengthened experiments are needed in future.

In addition, we screened three key lncRNAs with prognostic value for predicting GBM OS in clinical. These three lncRNAs (ADAMTS9-AS2, LINC00968, and LUCAT1) were also shown to be key regulators of hypoxia-related genes that were involved in TNF signaling, IL-17 signaling, and NF-kappa B signaling pathways.

In conclusion, this study parsed the role of hypoxia-related lncRNAs in hypoxia, TME and tumorigenesis based on comprehensive analysis of three molecular subtypes for GBM. Importantly, we explored the possible mechanisms of hypoxia-related lncRNAs in modulating oncogenic pathways and immune-related pathways. Within the eight hypoxia-related lncRNAs, FAM66C was identified as a critical regulator in hypoxia-related pathways. Finally, we constructed a prognostic model according to three key lncRNAs that could act as predictive biomarkers for GBM patients. However, the non-negligible limitation of our study was that only pure bioinformatics analysis was performed. In the future study, wet experiments in more clinical samples were needed to be figured out for demonstrating our results.



DATA AVAILABILITY STATEMENT

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



AUTHOR CONTRIBUTIONS

YY designed the study and reviewed and edited the manuscript. NQ and QF contributed to the literature research. CL and LZ analyzed and interpreted the data. DL and YW wrote the initial draft of the manuscript. All authors read and approved the manuscript.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2022.898270/full#supplementary-material



REFERENCES

 1. Tamimi AF, Juweid M. Epidemiology and outcome of glioblastoma. In: De Vleeschouwer S, editor. Glioblastoma. Brisbane, AU: Codon Publications Copyright: The Authors (2017). 

 2. Ostrom QT, Gittleman H, Truitt G, Boscia A, Kruchko C, Barnholtz-Sloan JS. CBTRUS statistical report: primary brain and other central nervous system tumors diagnosed in the United States in 2011-2015. Neurooncology. (2018) 20(suppl_4):iv1–86. doi: 10.1093/neuonc/noy131

 3. Zhao Z, Zhang KN, Wang Q, Li G, Zeng F, Zhang Y, et al. Chinese Glioma Genome Atlas (CGGA): A Comprehensive Resource with Functional genomic data from chinese glioma patients. Genom Proteom Bioinform. (2021) 19:1–12. doi: 10.1016/j.gpb.2020.10.005

 4. Eckel-Passow JE, Lachance DH, Molinaro AM, Walsh KM, Decker PA, Sicotte H, et al. Glioma groups based on 1p/19q, IDH, and TERT promoter mutations in tumors. N Engl J Med. (2015) 372:2499–508. doi: 10.1056/NEJMoa1407279

 5. Leu S, von Felten S, Frank S, Vassella E, Vajtai I, Taylor E, et al. IDH/MGMT-driven molecular classification of low-grade glioma is a strong predictor for long-term survival. Neuro Oncol. (2013) 15:469–79. doi: 10.1093/neuonc/nos317

 6. Louis DN, Perry A, Reifenberger G, von Deimling A, Figarella-Branger D, Cavenee WK, et al. The 2016 World Health Organization classification of tumors of the central nervous system: a summary. Acta Neuropathol. (2016) 131:803–20. doi: 10.1007/s00401-016-1545-1

 7. Cairncross JG, Wang M, Jenkins RB, Shaw EG, Giannini C, Brachman DG, et al. Benefit from procarbazine, lomustine, and vincristine in oligodendroglial tumors is associated with mutation of IDH. J Clin Oncol. (2014) 32:783–90. doi: 10.1200/JCO.2013.49.3726

 8. Lim M, Xia Y, Bettegowda C, Weller M. Current state of immunotherapy for glioblastoma. Nat Rev Clin Oncol. (2018) 15:422–42. doi: 10.1038/s41571-018-0003-5

 9. Monteiro AR, Hill R, Pilkington GJ, Madureira PA. The role of hypoxia in glioblastoma invasion. Cells. (2017) 6:45. doi: 10.3390/cells6040045

 10. Colwell N, Larion M, Giles AJ, Seldomridge AN, Sizdahkhani S, Gilbert MR, et al. Hypoxia in the glioblastoma microenvironment: shaping the phenotype of cancer stem-like cells. Neuro Oncol. (2017) 19:887–96. doi: 10.1093/neuonc/now258

 11. Jing X, Yang F, Shao C, Wei K, Xie M, Shen H, et al. Role of hypoxia in cancer therapy by regulating the tumor microenvironment. Mol Cancer. (2019) 18:157. doi: 10.1186/s12943-019-1089-9

 12. Qiang L, Wu T, Zhang HW, Lu N, Hu R, Wang YJ, et al. HIF-1α is critical for hypoxia-mediated maintenance of glioblastoma stem cells by activating Notch signaling pathway. Cell Death Differ. (2012) 19:284–94. doi: 10.1038/cdd.2011.95

 13. Schofield CJ, Ratcliffe PJ. Oxygen sensing by HIF hydroxylases. Nat Rev Mol Cell Biol. (2004) 5:343–54. doi: 10.1038/nrm1366

 14. Barth DA, Prinz F, Teppan J, Jonas K, Klec C, Pichler M. Long-Noncoding RNA (lncRNA) in the regulation of hypoxia-inducible factor (HIF) in cancer. Noncoding RNA. (2020) 6:27. doi: 10.3390/ncrna6030027

 15. Li J, Zhu Y, Wang H, Ji X. Targeting long noncoding RNA in glioma: a pathway perspective. Mol Therapy Nucleic Acids. (2018) 13:431–41. doi: 10.1016/j.omtn.2018.09.023

 16. Chiu HS, Somvanshi S, Patel E, Chen TW, Singh VP, Zorman B, et al. Pan-cancer analysis of lncRNA regulation supports their targeting of cancer genes in each tumor context. Cell Rep. (2018) 23:297–312.e12. doi: 10.1016/j.celrep.2018.03.064

 17. Mineo M, Ricklefs F, Rooj AK, Lyons SM, Ivanov P, Ansari KI, et al. The long non-coding RNA HIF1A-AS2 facilitates the maintenance of mesenchymal glioblastoma stem-like cells in hypoxic niches. Cell Rep. (2016) 15:2500–9. doi: 10.1016/j.celrep.2016.05.018

 18. Zhang JX, Han L, Bao ZS, Wang YY, Chen LY, Yan W, et al. HOTAIR, a cell cycle-associated long noncoding RNA and a strong predictor of survival, is preferentially expressed in classical and mesenchymal glioma. Neuro Oncol. (2013) 15:1595–603. doi: 10.1093/neuonc/not131

 19. Wang Q, Zhang J, Liu Y, Zhang W, Zhou J, Duan R, et al. A novel cell cycle-associated lncRNA, HOXA11-AS, is transcribed from the 5-prime end of the HOXA transcript and is a biomarker of progression in glioma. Cancer Lett. (2016) 373:251–9. doi: 10.1016/j.canlet.2016.01.039

 20. Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for removing batch effects and other unwanted variation in high-throughput experiments. Bioinformatics. (2012) 28:882–3. doi: 10.1093/bioinformatics/bts034

 21. Hänzelmann S, Castelo R, Guinney J, GSVA. gene set variation analysis for microarray and RNA-seq data. BMC Bioinform. (2013) 14:7. doi: 10.1186/1471-2105-14-7

 22. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. Bioinformatics. (2010) 26:1572–3. doi: 10.1093/bioinformatics/btq170

 23. Thorsson V, Gibbs DL, Brown SD, Wolf D, Bortone DS, Ou Yang TH, et al. The immune landscape of cancer. Immunity. (2018) 48:812–30.e14. doi: 10.1016/j.immuni.2018.03.023

 24. Cibulskis K, Lawrence MS, Carter SL, Sivachenko A, Jaffe D, Sougnez C, et al. Sensitive detection of somatic point mutations in impure and heterogeneous cancer samples. Nat Biotechnol. (2013) 31:213–9. doi: 10.1038/nbt.2514

 25. Subramanian A, Kuehn H, Gould J, Tamayo P, Mesirov JP. GSEA-P a desktop application for gene set enrichment analysis. Bioinformatics. (2007) 23:3251–3. doi: 10.1093/bioinformatics/btm369

 26. Liberzon A, Birger C, Thorvaldsdóttir H, Ghandi M, Mesirov JP, Tamayo P. The Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst. (2015) 1:417–25. doi: 10.1016/j.cels.2015.12.004

 27. Senbabaoglu Y, Gejman RS, Winer AG, Liu M, Van Allen EM, de Velasco G, et al. Tumor immune microenvironment characterization in clear cell renal cell carcinoma identifies prognostic and immunotherapeutically relevant messenger RNA signatures. Genome Biol. (2016) 17:231. doi: 10.1186/s13059-016-1092-z

 28. Liu Y, He M, Wang D, Diao L, Liu J, Tang L, et al. HisgAtlas 1.0: a human immunosuppression gene database. Database. (2017) 2017:bax094. doi: 10.1093/database/bax094

 29. Yoshihara K, Shahmoradgoli M, Martínez E, Vegesna R, Kim H, Torres-Garcia W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun. (2013) 4:2612. doi: 10.1038/ncomms3612

 30. Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

 31. Garcia-Alonso L, Iorio F, Matchan A, Fonseca N, Jaaks P, Peat G, et al. Transcription factor activities enhance markers of drug sensitivity in cancer. Cancer Res. (2018) 78:769–80. doi: 10.1158/0008-5472.CAN-17-1679

 32. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS. (2012) 16:284–7. doi: 10.1089/omi.2011.0118

 33. Reverter A, Chan EK. Combining partial correlation and an information theory approach to the reversed engineering of gene co-expression networks. Bioinformatics. (2008) 24:2491–7. doi: 10.1093/bioinformatics/btn482

 34. Tan AC, Ashley DM, López GY, Malinzak M, Friedman HS, Khasraw M. Management of glioblastoma: State of the art and future directions. CA Cancer J Clin. (2020) 70:299–312. doi: 10.3322/caac.21613

 35. Han S, Liu Y, Cai SJ, Qian M, Ding J, Larion M, et al. IDH mutation in glioma: molecular mechanisms and potential therapeutic targets. Br J Cancer. (2020) 122:1580–9. doi: 10.1038/s41416-020-0814-x

 36. Joseph JP, Harishankar MK, Pillai AA, Devi A. Hypoxia induced EMT: A review on the mechanism of tumor progression and metastasis in OSCC. Oral Oncol. (2018) 80:23–32. doi: 10.1016/j.oraloncology.2018.03.004

 37. Liao D, Johnson RS. Hypoxia: a key regulator of angiogenesis in cancer. Cancer Metastasis Rev. (2007) 26:281–90. doi: 10.1007/s10555-007-9066-y

 38. Nduom EK, Weller M, Heimberger AB. Immunosuppressive mechanisms in glioblastoma. Neuro Oncol. (2015) 17(Suppl. 7):vii9–14. doi: 10.1093/neuonc/nov151

 39. Dunn GP, Dunn IF, Curry WT. Focus on TILs: Prognostic significance of tumor infiltrating lymphocytes in human glioma. Cancer Immun. (2007) 7:12. doi: 10.1158/1424-9634.DCL-12.7.1

 40. Henrik Heiland D, Ravi VM, Behringer SP, Frenking JH, Wurm J, Joseph K, et al. Tumor-associated reactive astrocytes aid the evolution of immunosuppressive environment in glioblastoma. Nat Commun. (2019) 10:2541. doi: 10.1038/s41467-019-10493-6

 41. Wainwright DA, Chang AL, Dey M, Balyasnikova IV, Kim CK, Tobias A, et al. Durable therapeutic efficacy utilizing combinatorial blockade against IDO, CTLA-4, and PD-L1 in mice with brain tumors. Clin Cancer Res. (2014) 20:5290–301. doi: 10.1158/1078-0432.CCR-14-0514

 42. Zhai L, Ladomersky E, Lauing KL, Wu M, Genet M, Gritsina G, et al. Infiltrating T cells increase IDO1 expression in glioblastoma and contribute to decreased patient survival. Clin Cancer Res. (2017) 23:6650–60. doi: 10.1158/1078-0432.CCR-17-0120

 43. DiDomenico J, Lamano JB, Oyon D, Li Y, Veliceasa D, Kaur G, et al. The immune checkpoint protein PD-L1 induces and maintains regulatory T cells in glioblastoma. Oncoimmunology. (2018) 7:e1448329. doi: 10.1080/2162402X.2018.1448329

 44. Joshi RS, Kanugula SS, Sudhir S, Pereira MP, Jain S, Aghi MK. The role of cancer-associated fibroblasts in tumor progression. Cancers. (2021) 13:1399. doi: 10.3390/cancers13061399

 45. Sun Q, Hao Q, Prasanth KV. Nuclear long noncoding RNAs: key regulators of gene expression. Trends Genet. (2018) 34:142–57. doi: 10.1016/j.tig.2017.11.005

 46. Chen JR, Yao Y, Xu HZ, Qin ZY. Isocitrate dehydrogenase (IDH)1/2 mutations as prognostic markers in patients with glioblastomas. Medicine. (2016) 95:e2583. doi: 10.1097/MD.0000000000002583

 47. Dao Trong P, Rösch S, Mairbäurl H, Pusch S, Unterberg A, Herold-Mende C, et al. Identification of a prognostic hypoxia-associated gene set in IDH-mutant glioma. International J Mol Sci. (2018) 19:2903. doi: 10.3390/ijms19102903

 48. Balamurugan K. HIF-1 at the crossroads of hypoxia, inflammation, and cancer. Int J Cancer. (2016) 138:1058–66. doi: 10.1002/ijc.29519

 49. Tam SY, Wu VWC, Law HKW. Hypoxia-induced epithelial-mesenchymal transition in cancers: HIF-1α and beyond. Front Oncol. (2020) 10:486. doi: 10.3389/fonc.2020.00486

 50. Hellwig-Bürgel T, Stiehl DP, Wagner AE, Metzen E, Jelkmann W. Review: hypoxia-inducible factor-1 (HIF-1): a novel transcription factor in immune reactions. J Interferon Cytokine Res. (2005) 25:297–310. doi: 10.1089/jir.2005.25.297

 51. Jin M, Fuller GG, Han T, Yao Y, Alessi AF, Freeberg MA, et al. glycolytic enzymes coalesce in G bodies under hypoxic stress. Cell Rep. (2017) 20:895–908. doi: 10.1016/j.celrep.2017.06.082

 52. Noman MZ, Desantis G, Janji B, Hasmim M, Karray S, Dessen P, et al. PD-L1 is a novel direct target of HIF-1α, and its blockade under hypoxia enhanced MDSC-mediated T cell activation. J Exp Med. (2014) 211:781–90. doi: 10.1084/jem.20131916

 53. Yao J, Zhou B, Zhang J, Geng P, Liu K, Zhu Y, et al. A new tumor suppressor LncRNA ADAMTS9-AS2 is regulated by DNMT1 and inhibits migration of glioma cells. Tumour Biol. (2014) 35:7935–44. doi: 10.1007/s13277-014-1949-2

 54. Liu C, Yang Z, Deng Z, Zhou Y, Gong Q, Zhao R, et al. Upregulated lncRNA ADAMTS9-AS2 suppresses progression of lung cancer through inhibition of miR-223-3p and promotion of TGFBR3. IUBMB Life. (2018) 70:536–46. doi: 10.1002/iub.1752

 55. Li H, Huang H, Li S, Mei H, Cao T, Lu Q. Long non-coding RNA ADAMTS9-AS2 inhibits liver cancer cell proliferation, migration and invasion. Exp Ther Med. (2021) 21:559. doi: 10.3892/etm.2021.9991

 56. Wang F, Tang C, Xu D, Tang Y, Jiang Y, Gao X, et al. LncRNA ADAMTS9-AS2 suppresses the proliferation of gastric cancer cells and the tumorigenicity of cancer stem cells through regulating SPOP. J Cell Mol Med. (2020) 24:4830–8. doi: 10.1111/jcmm.15161

 57. Sun X, Huang T, Zhang C, Zhang S, Wang Y, Zhang Q, et al. Long non-coding RNA LINC00968 reduces cell proliferation and migration and angiogenesis in breast cancer through up-regulation of PROX1 by reducing hsa-miR-423-5p. Cell Cycle. (2019) 18:1908–24. doi: 10.1080/15384101.2019.1632641

 58. Yao N, Sun JQ Yu L, Ma L, Guo BQ. LINC00968 accelerates the progression of epithelial ovarian cancer via mediating the cell cycle progression. Eur Rev Med Pharmacol Sci. (2019) 23:4642–9. doi: 10.26355/eurrev_201906_18043

 59. Xing C, Sun SG, Yue ZQ, Bai F. Role of lncRNA LUCAT1 in cancer. Biomed Pharmacother. (2021) 134:111158. doi: 10.1016/j.biopha.2020.111158

 60. Min W, Dai D, Wang J, Zhang D, Zhang Y, Han G, et al. Long noncoding RNA miR210HG as a potential biomarker for the diagnosis of glioma. PLoS ONE. (2016) 11:e0160451. doi: 10.1371/journal.pone.0160451

 61. Wang Y, Li W, Chen X, Li Y, Wen P, Xu F. MIR210HG predicts poor prognosis and functions as an oncogenic lncRNA in hepatocellular carcinoma. Biomed Pharmacother. (2019) 111:1297–301. doi: 10.1016/j.biopha.2018.12.134

 62. He Z, Dang J, Song A, Cui X, Ma Z, Zhang Z. Identification of LINC01234 and MIR210HG as novel prognostic signature for colorectal adenocarcinoma. J Cell Physiol. (2019) 234:6769–77. doi: 10.1002/jcp.27424

 63. Xie Y, Gu J, Qin Z, Ren Z, Wang Y, Shi H, et al. Long non-coding RNA FAM66C is associated with clinical progression and promotes cell proliferation by inhibiting proteasome pathway in prostate cancer. Cell Biochem Funct. (2020) 38:1006–16. doi: 10.1002/cbf.3531

 64. Lei GL Li Z, Li YY, Hong ZX, Wang S, Bai ZF, et al. Long noncoding RNA FAM66C promotes tumor progression and glycolysis in intrahepatic cholangiocarcinoma by regulating hsa-miR-23b-3p/KCND2 axis. Environ Toxicol. (2021) 36:2322–32. doi: 10.1002/tox.23346

 65. Zhu J, Zhu S, Yu Q, Wu Y. LncRNA FAM66C inhibits pancreatic cancer progression by sponging miR-574-3p. Transl Cancer Res. (2020) 9:1806–17. doi: 10.21037/tcr.2020.02.24

 66. Zhao P, Li T, Wang Y, Wang Y, Gu Q, Li Z. LncRNA MYCNOS promotes glioblastoma cell proliferation by regulating miR-216b/FOXM1 axis. Metab Brain Dis. (2021) 36:1185–9. doi: 10.1007/s11011-021-00729-0

 67. Yu J, Ou Z, Lei Y, Chen L, Su Q, Zhang K. LncRNA MYCNOS facilitates proliferation and invasion in hepatocellular carcinoma by regulating miR-340. Hum Cell. (2020) 33:148–58. doi: 10.1007/s13577-019-00303-y

 68. Srivastava C, Irshad K, Gupta Y, Sarkar C, Suri A, Chattopadhyay P, et al. NF? B is a critical transcriptional regulator of atypical cadherin FAT1 in glioma. BMC Cancer. (2020) 20:62. doi: 10.1186/s12885-019-6435-1

 69. Ragel BT, Couldwell WT, Gillespie DL, Jensen RL. Identification of hypoxia-induced genes in a malignant glioma cell line (U-251) by cDNA microarray analysis. Neurosurg Rev. (2007) 30:181–7; discussion 7. doi: 10.1007/s10143-007-0070-z

 70. Gao Y, Liu B, Feng L, Sun B, He S, Yang Y, et al. Targeting JUN, CEBPB, and HDAC3: a novel strategy to overcome drug resistance in hypoxic glioblastoma. Front Oncol. (2019) 9:33. doi: 10.3389/fonc.2019.00033

 71. Oikawa M, Abe M, Kurosawa H, Hida W, Shirato K, Sato Y. Hypoxia induces transcription factor ETS-1 via the activity of hypoxia-inducible factor-1. Biochem Biophys Res Commun. (2001) 289:39–43. doi: 10.1006/bbrc.2001.5927

 72. Wu W, Hu Q, Nie E, Yu T, Wu Y, Zhi T, et al. Hypoxia induces H19 expression through direct and indirect Hif-1α activity, promoting oncogenic effects in glioblastoma. Sci Rep. (2017) 7:45029. doi: 10.1038/srep45029

 73. Pawlus MR, Wang L, Ware K, Hu CJ. Upstream stimulatory factor 2 and hypoxia-inducible factor 2α (HIF2α) cooperatively activate HIF2 target genes during hypoxia. Mol Cell Biol. (2012) 32:4595–610. doi: 10.1128/MCB.00724-12

 74. Pistollato F, Chen HL, Rood BR, Zhang HZ, D'Avella D, Denaro L, et al. Hypoxia and HIF1alpha repress the differentiative effects of BMPs in high-grade glioma. Stem Cells. (2009) 27:7–17. doi: 10.1634/stemcells.2008-0402

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

The reviewer XL declared a shared affiliation with the author QF to the handling editor at the time of review.

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

Copyright © 2022 Liu, Wan, Qu, Fu, Liang, Zeng and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/fpubh-10-898270-g005.gif





OPS/images/fpubh-10-898270-g006.gif





OPS/images/fpubh-10-898270-g003.gif





OPS/images/fpubh-10-898270-g004.gif
T;WWW{/_/_

?ﬂa %"*b‘ Wb b W*”w *

W






OPS/images/math_1.gif





OPS/images/fpubh-10-898270-g007.gif





OPS/images/fpubh-10-898270-g008.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		LncRNA-FAM66C Was Identified as a Key Regulator for Modulating Tumor Microenvironment and Hypoxia-Related Pathways in Glioblastoma



		Introduction



		Materials and Methods



		Data Information



		Identification of Hypoxia-Related LncRNAs



		Unsupervised Consensus Clustering



		Assessment of Genomic Features and Gene Mutations



		Gene Set Enrichment Analysis



		Estimation of Stromal and Immune Cells in Malignant Tumors Using Expression Data



		Tumor Immune Dysfunction and Exclusion Analysis



		Analysis of the Relation Between LncRNAs and TFs



		First-Order Partial Correlation Analysis



		Construction of a Prognostic Model Based on Key LncRNAs



		Statistical Analysis







		Results



		Hypoxia-Related LncRNAs Are Associated With Hypoxia Score and Survival



		C3 Subtype Has the Highest Proportion of IDH-Mutant Type



		Different Mutation Patterns Among Three Subtypes



		Oncogenic Pathways Are Highly Enriched in C1 Subtype



		Worse Survival Is Associated With Higher Immune Infiltration



		Distinct Expression of Immune Checkpoints in Three Subtypes



		Hypoxia-Related LncRNAs Are Involved in Tumorigenesis Through Regulating Transcriptional Factors



		Identifying Three Key Hypoxia-Related LncRNAs With Prognostic Value







		Discussion



		Data Availability Statement



		Author Contributions



		Supplementary Material



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

LncRNA-FAM66C Was Identified as a
Key Regulator for Modulating Tumor
Microenvironment and
Hypoxia-Related Pathways in
Glioblastoma





OPS/images/fpubh-10-898270-g001.gif





OPS/images/fpubh-10-898270-g002.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
& frontiers | Frontiers in Public Health





